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ABSTRACT

Extracting fault, unconformity, and horizon surfaces froma seismic image is useful for
interpretation of geologic structures and stratigraphic datures. Although interpretation
of these surfaces has been automated to some extent by othesigni cant manual e ort
is still required for extracting each type of these geologgurfaces. | propose methods to
automatically extract all the fault, unconformity, and horizon surfaces from a 3D seismic
image. To a large degree, these methods just involve imagepessing or array processing
which is achieved by e ciently solving partial di erential equations.

For fault interpretation, | propose a linked data structure which is simpler than triangle
or quad meshes, to represent a fault surface. In this simplatd structure, each sample of
a fault corresponds to exactly one image sample. Using thiskied data structure, | extract
complete and intersecting fault surfaces without holes fno 3D seismic images. | use the
same structure in subsequent processing to estimate faulipsvectors. | further propose two
methods, using precomputed fault surfaces and slips, to umdiaulting in seismic images by
simultaneously moving fault blocks and faults themselves.

For unconformity interpretation, | rst propose a new methad to compute a unconformity
likelihood image that highlights both the termination ares and the corresponding parallel
unconformities and correlative conformities. | then extret unconformity surfaces from the
likelihood image and use these surfaces as constraints tormaccurately estimate seismic
normal vectors that are discontinuous near the unconformés. Finally, | use the estimated
normal vectors and use the unconformities as constraints wompute a attened image,
in which seismic re ectors are all at and vertical gaps comspond to the unconformities.
Horizon extraction is straightforward after computing a mapof image attening; we can rst
extract horizontal slices in the attened space and then mafhese slices back to the original

space to obtain the curved seismic horizon surfaces.



The fault and unconformity processing methods above faddie automatic attening
and horizon extraction by providing an unfaulted image withcontinuous re ectors across
faults and unconformities as constraints for an automaticattening method. However, hu-
man interaction is still desirable for attening and horizon extraction because of limitations
in seismic imaging and computing systems, but the interacih can be enhanced. Instead
of picking or tracking horizons one at a time, | propose a meti to compute a volume of
horizons that honor interpreted constraints, speci ed aseds of control points in a seismic im-
age. | incorporate the control points with simple constrainpreconditioners in the conjugate

gradient method used to compute horizons.
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A 3D view of a seismic image (a) and automatically gacted fault
(vertical surfaces), unconformity (the two lateral magerd surfaces), and
horizon (lateral surfaces) surfaces (b). The unconformés (magenta)
and horizons intersect with the seismic inline and crossérslices in (c).

A 3D seismic image with fault likelihoods (a), fatisamples (b), and

fault surfaces. . . . . . . . . e

The fault surfaces in Figure 1.2c is displayed as aufalikelihood image
(a) with mostly null values. This image is used to constrain a
structure-oriented lter so that it smoothes along structues, but not
across faults, as shown in (b). Fault slip vectors are thentesated
using this smoothed image and the extracted fault surface®nly fault
throws (c), the vertical components of slips are displayechahe fault

SUITACES. . . . . e

Fault positions (Figure 1.3a) and fault slip vectar (Figure 1.3c) are
used to compute vertical (a), inline (not shown), and crossie (not
shown) unfaulting shifts, which undo the faulting in the orginal seismic

image (b) to compute an unfaulted image(c). . . ... ... ... ...

Unconformity likelihood displayed in color (a), ad two unconformity
surfaces (b) and (c) extracted on the ridges of the unconfory
likelihoods. . . . . . . . . . . . e

The two unconformity surfaces (Figures 1.5b and )extracted from
the unfaulted seismic image, are mapped back to the origins¢ismic
image using the unfaulting shifts, as shown in (a) and (b), spectively.

The unconformities (Figures 1.5b and 1.5c) are usad constraints to
rst compute an RGT volume (@) in the unfaulted space, the urdulted

image (b) is then attened (c) using the RGT volume. . . ... .. ...

The unfaulting and attening facilitate extracting any number of
seismic horizons from a seismic image. Shown here are onlgeth

subsets of the extracted horizon surfaces. . . .. . ... ... . .. .. ..

A small subset of 3D seismic image displayed with auft image (a),
fault samples (b), and fault surfaces (c), all colored by fdtulikelihood.
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Figure 2.4

Figure 2.5

Figure 2.6

Figure 2.7
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Fault dip slip (a) is a vector representing displament, in the dip
direction, of the hanging wall side of a fault surface relate to the
footwall side. Fault throw is the vertical component of the kp. Fault
strike and dip angles, with corresponding unit vectors areedned in (b).

A 3D synthetic seismic image (a) with four faults maually interpreted
in (b). The dashed lines in (b) represent normal faults, whal the solid

line represents areverse fault. . . . . .. ... ... ... .. ... ...

A 3D seismic image with fault likelihoods (a), stkies (b) and dips (c)
displayed in color. The dashed white circle in each image ilcdtes one
location where fault F-A intersects fault F-B. . . . . . .. .. ... ...

Thinned fault likelihood image (a) has non-zero #es only on the
ridges of the fault likelihood image in Figure 2.4a. Fault stkes and

dips corresponding to the fault likelihoods are displayedhi(b) and (c),
respectively. The dashed white circle in each image indiest one
location where fault F-A intersects fault F-B. . . . . . .. .. ... ...

The three fault images in Figure 2.5 can be represedtby fault
samples displayed as small squares (a). Each square in (agadored by
fault likelihood and oriented by the strike and dip of the caresponding
fault sample. Links are then built among consistent fault saples, and
each set of linked fault samples in (b) represents a fault ace that
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overlapping squares. . . . . . . . ... e

Close-up view (a) of a subset of fault samples fromgtire 2.6a. Links
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CHAPTER 1
INTRODUCTION

From a 3D seismic image, as shown in Figure 1.1a, one can extigeologic surfaces such
as faults (like these vertical surfaces in Figure 1.1b), uncformities (like the two mangenta
surfaces in Figure 1.1b and magenta curves in Figure 1.1c), ahdrizons (like these lateral
surfaces in Figure 1.1b and curves in Figure 1.1c). Faults andiizons are important for
seismic structural interpretation because they provide sictural maps of the subsurfaces.
Horizons and unconformities are important for seismic stragraphic interpretation because
they together construct a chronostratigraphic frameworkAll these geologic surfaces can be
useful for seismic lithology interpretation because theyaa provide geologically reasonable
control for extending a lithology interpretation away fromwells. Therefore, extracting these

surfaces is a critical part of seismic interpretation.

Figure 1.1: A 3D view of a seismic image (a) and automaticallyxegacted fault (vertical
surfaces), unconformity (the two lateral magenta surfacgsand horizon (lateral surfaces)
surfaces (b). The unconformities (magenta) and horizonstarsect with the seismic inline
and crossline slices in (c).

Numerous automatic methods have been proposed to extract #ile three types of sur-
faces, however, interpreting any of them today typically mguires signi cant manual e ort,

suggesting that further improvements in automatic methodsre feasible and worthwhile.



Moreover, horizons can be especially di cult to extract fran a seismic image complicated
by both faults and unconformities, as shown in Figure 1.1, baase a horizon surface can
be dislocated at faults and terminated at unconformities. nl this case, we want to rst ex-
tract fault surfaces, estimate fault slips, and undo the fdting in the seismic image, then
to extract unconformities from the unfaulted image with cotinuous re ectors across faults,
nally to use the unconformities as boundary control for imge attening and horizon extrac-
tion. In this thesis, | propose 3D seismic image processingethods for (1) fault processing
including automatic computation of fault positions, faultslips, and unfaulted images; (2)
unconformity processing including automatic extraction ounconformities and estimation of
seismic normal vectors at unconformities; (3) image atteing including automatic attening
with constraints from unconformities and semi-automatic attening with control points or

surfaces manually interpreted in the seismic image.
1.1 Fault processing

Automatic interpretation of faults from a seismic image ofte includes four parts: (1)
Fault images or attributes such as semblance (Marfurt et al.1998), coherency (Marfurt
et al.,, 1999), variance (Randen et al., 2001; Van Bemmel andepper, 2000), and fault
likelihood (Hale, 2013b) are computed from a seismic image haghlight out fault positions.
(2) Then fault surfaces are extracted from these computeduthimages using various methods
(e.g., Gibson et al., 2005; Hale, 2013b; Pedersen et al., 208@03). (3) From extracted fault
surfaces, fault slips are estimated by correlating seisntiorizons (Admasu, 2008) or re ectors
(Hale, 2013b) on opposite sides of fault surfaces. (4) Compdtfault positions and fault slips
are nally used to undo the faulting in the seismic image (Luand Hale, 2013; Wei, 2009;
Wei et al., 2005). Although various methods have been propaséor the four parts, the
problem of extracting intersecting faults is not well addresed. In addition, extracted fault
surfaces are often represented by triangle or quad meshesich are often more complex
than necessary for subsequent processing. Moreover, aléthnfaulting methods assume

that fault geometries need not change when unfaulting a seig& image. This assumption



makes the unfaulting processing easier, however, often uks in unnecessary distortions

when unfaulting seismic images with multiple faults and, @®cially, intersecting faults.

B ee—— ] 1 L e ——— R
. 0.3 04 05 06 0.7 08 09 1 ~ 03 04 05 06 0.7 0.8 09 1 "
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Figure 1.2: A 3D seismic image with fault likelihoods (a), fdtisamples (b), and fault
surfaces.
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Figure 1.3: The fault surfaces in Figure 1.2c is displayed as auft likelihood image (a)
with mostly null values. This image is used to constrain a sticture-oriented lter so that it
smoothes along structures, but not across faults, as shown(b). Fault slip vectors are then
estimated using this smoothed image and the extracted fauliurfaces. Only fault throws
(c), the vertical components of slips are displayed on theuH surfaces.

In Chapter 2 , | rst describe how to compute images of fault likelihood (Fyure 1.2a),
strike (not shown), and dip (not shown), and then representhiese three images, all at once,
by fault samples as shown in Figure 1.2b. Each fault sample cesponds to one and only
one seismic image sample, and is displayed as a small squatered by fault likelihood and
oriented by strike and dip. | then propose a method to link thge oriented fault samples

to construct complete fault surfaces without holes, as shown Figure 1.2c. These surfaces



are really just sets of linked fault samples, they appear apaque surfaces because fault
samples are represented with larger and overlapping squsii@ Figure 1.2c. These colored
fault surfaces can be displayed as a 3D fault likelihood imegwith mostly null values,
overlaid with the seismic image in Figure 1.3a. This fault inge is used to constrain a
structure-oriented Iter (Fehmers and Hecker, 2003; Hale, @09) so that it smoothes along
structures, but not across faults, to obtain the smoothed sanic image shown in Figure 1.3b.
This smoothing does what seismic interpreters do visuallyhen estimating fault slips, by
bringing seismic amplitudes from within each fault block upd, but not across, the faults.
Using this smoothed image and the extracted fault surfacesthwbut holes, | nally estimate
fault slips, and display fault throws, the vertical componsts of the slips, on the fault surfaces

shown in Figure 1.3c.

Vertical shift (ms)

Figure 1.4: Fault positions (Figure 1.3a) and fault slip vects (Figure 1.3c) are used to
compute vertical (a), inline (not shown), and crossline (rtashown) unfaulting shifts, which
undo the faulting in the original seismic image (b) to compw an unfaulted image(c).

In Chapter 3 , | introduce two methods to compute vertical (Figure 1.4a),nline (not
shown), and crossline (not shown) unfaulting shifts for alkamples in a seismic image by
solving simple equations derived from the precomputed fdydositions and fault slip vectors.
These computed vector shifts simultaneously move footwsllhanging walls, and even the
faults themselves, to undo faulting in a seismic image, witiminimal distortion as shown in

Figure 1.4c.



1.2 Unconformity processing

Unconformity extraction from seismic images is important floseismic stratigraphic inter-
pretation, because unconformities represent discontiri@s in otherwise continuous deposits
and hence serve as boundaries when interpreting seismicusayges that represent succes-
sively deposited layers. To obtain complete unconformiiefrom a seismic image, we want
to extract both angular unconformities with re ector terminations and the corresponding
parallel unconformity or correlative conformity with conbrmable re ectors. Most automatic
methods (e.g., Bahorich and Farmer, 1995; Barnes et al., Z)Hoek et al., 2010; Smythe
et al., 2004) can only detect angular unconformities by comfing di erent kinds of attributes
that highlight areas of re ector terminations.

In Chapter 4 , | propose a method to compute an unconformity likelihood imagthat
highlight both termination areas and the corresponding paitlel unconformities as shown in
Figure 1.5a. In this method, the unconformity likelihood is d ned as the di erence between
two seismic normal vector elds corresponding to two strucire tensor elds constructed
from a same seismic image using di erent smoothing Iters. QGnstructure-tensor eld is
constructed by applying a laterally structure-oriented sraothing Iter and a vertical causal

Iter to each element of the outer products of seismic imagergdients. The other one is
constructed by applying a same laterally structure-oriemd smoothing Iter but a vertical

anticausal lter. Near the termination area of an unconfornty, the re ector structures above
and below the unconformity must be di erent. Therefore, thevertical causal Iter, which

computes locally averaged structures from above of the umdormity, yields a structure-

tensor eld that is di erent from the one constructed with the vertical anticausal lter, which

computes locally averaged structures from below. The latdrstructure-oriented smoothing
Iter extends the structure di erences, which originate wthin the termination areas, to the
corresponding parallel unconformities and correlative nformities.

Using these lateral and vertical smoothing lters, the two costructed structure-tensors

elds and the two corresponding vector elds should be di eent at both termination area
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Figure 1.5: Unconformity likelihood displayed in color (a), ad two unconformity surfaces
(b) and (c) extracted on the ridges of the unconformity likehoods.
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Figure 1.6: The two unconformity surfaces (Figures 1.5b and5t) extracted from the un-
faulted seismic image, are mapped back to the original seisnimage using the unfaulting
shifts, as shown in (a) and (b), respectively.

and the corresponding parallel unconformity and correlate conformity. Therefore, the un-
conformity likelihoods, de ned as the di erences betweenhe two vector elds, should be
relatively high at both the angular unconformities and the orresponding parallel unconfor-
mities and correlative conformites as shown in Figure 1.5. &im the unconformity likelihood
image, two unconformity surfaces (Figures 1.5b and 1.5c) aegtracted on the ridges of the
unconformity likelihoods.
This method assumes that unconformities are not dislocatday faults, so that the lateral

structure-oriented smoothing lter can extend structure derences from termination areas

to the corresponding parallel unconformities and correlae conformities. Therefore, if faults



appear in the seismic image, we should perform unfaulting floee attempting to detect un-

conformities, as in this example shown in Figure 1.5. These aonformity surfaces shown
in Figures 1.5b and 1.5c, extracted from the unfaulted imageye then mapped back to the
original seismic image, as shown in Figures 1.6a and 1.6b pestively. These faulted uncon-
formities are di cult to extract directly from the original seismic image for any automatic
or manual methods.

As applications in Chapter 4, | rst use these extracted uncdiermity surfaces as con-
straints for a structure-tensor method (Fehmers and Hecker2003; Van Vliet and Verbeek,
1995) to more accurately estimate seismic normal vectors ahconformities with multiori-
ented seismic re ectors. | then use the more accurate seismiormal vectors, and uncon-
formity surfaces as constraints, to compute a attened imagwith all at seismic re ectors

within conformable areas and vertical gaps corresponding the unconformities.
1.3 Image attening and horizon extraction

Automatic seismic image attening (Lomask et al., 2006; Paik 2010; Stark, 2005; Wu
and Zhong, 2012a) is a volume process method to identify albfizons in a seismic image
by computing a map that transforms the seismic image from theriginal space into the
attened space. This map can be used to extract any number ofohizons from the seismic
image. These methods, however, are unable to match horizamsross faults unless addi-
tional information such as fault slips (Luo and Hale, 2013) ahcontrol points across faults
(Wu and Hale, 2015b) are provided; also are di cult to deal wih horizons terminated at
unconformities unless the unconformity surfaces are prod (Wu and Hale, 2015a; Wu and
Zhong, 2012a).

For a seismic image complicated only by faults, we could rstise the automatic fault
processing methods discussed in Chapter 2 and Chapter 3 ttreate fault slips and compute
an unfaulted image. Then we could use any attening method gtussed above to compute
a attened or unfolded image from the unfaulted image with catinuous re ectors across

faults. For a seismic image complicated by both faults and gonformities, as shown in
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Figure 1.7: The unconformities (Figures 1.5b and 1.5c) are uks@s constraints to rst
compute an RGT volume (a) in the unfaulted space, the unfawtd image (b) is then attened
(c) using the RGT volume.
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Figure 1.8: The unfaulting and attening facilitate extracting any number of seismic horizons
from a seismic image. Shown here are only three subsets of éxéracted horizon surfaces.

Figure 1.1a, we still rst undo the faulting in the seismic im@e, as shown in Figure 1.4.
Then we extract unconformities from the unfaulted image, ashown in Figure 1.5. Finally
we could use the extracted unconformities as constraintss aliscussed in Chapter 4, to
compute a relative geologic time (RGT) volume shown in Figur&.7a. This RGT volume,
with discontinuous values at unconformties, is applied tohe unfaulted image (Figure 1.7b)
to compute a attened image with vertical gaps correspondinthe unconformities, as shown
in Figure 1.7c.

Horizon extraction is trivial after computing the maps of unéulting and attening. For
example, | rst extract horizontal slices in the unfaulted aad attened space (Figure 1.7¢), |

then use the RGT volume (Figure 1.7a) to map these horizontalises back to the unfaulted



space (Figure 1.7b) and obtain curved surfaces, | nally usé&¢ unfaulting shifts (Figure 1.4b)
to map the curved surfaces back to the original space and eteally obtain curved and
faulted surfaces as shown in Figure 1.8. In this way, | can elgscompute any number of
seismic horizons in the original space. Figure 1.8 shows otllyee subsets of seismic horizons,
which are curved and faulted.

Although all of this image processing can be performed autotizlly to compute a
volume of seismic horizons, limitations inherent in seismimaging and computing systems
suggest that human interaction will continue to be desiralel In Chapter 5 , | propose an
enhanced semi-automatic method to compute a horizon volurtteat honors both the seismic
image and human interactions. In this method, instead of pking or tracking horizons one
at a time as usual, | interactively select scattered sets ofomts in a 3D seismic image that
correspond to multiple horizons, while automatically updéng a complete 3D horizon volume

to honor those interpreted constraints.
1.4 Publications and proceedings

The work discussed in Chapters 1, 2, 3, 4, and 5 of this thesiave been published in, or

submitted to the journals. Below is a full list of my publicatons:

8. Wu, X. , 2016, 3D seismic image processing for subsurface modeli@pmputer &

Geosciencesto be submitted.

7. Wu, X. , 2016, Methods to compute salt likelihoods and extract salitoundaries from

3D seismic imagesGeophysicsto be submitted.

6. Wu, X. , and G. Caumon, 2016, Simultaneous multiple well-seismi@$ with attened

synthetic and real seismogramsGeophysicsto be submitted.

5. Wu, X. , and D. Hale, 2016, Automatically interpreting all faults, urtonformities, and

horizons from 3D seismic imagednterpretation, 4(2), 1-11.



4. Wu, X. , and D. Hale, 2016, 3D seismic image processing for faul@eophysics81(2),
IM1-IM11.

3. Wu, X. , S. Luo, and D. Hale, 2016, Moving faults while unfaulting 3Dessmic images.
Geophysics81(2), IM25-IM33.

2. Wu, X. and D. Hale, 2015, 3D seismic image processing for unconfdiesi Geo-

physics 80(2), IM35-IM44.

1. Wu, X. and D. Hale, 2015, Horizon volumes with interpreted constraist Geophysics
80(2), IM21-IM33.

In addition to the publications above, | have also contributd several conference abstracts:

4. Wu, X. , S. Luo and D. Hale, 2015, Moving faults while unfaulting 3D s&mic images:

85th Annual Meeting of the Society of Exploration GeophysicExpanded Abstracts.

3. Wu, X. and D. Hale, 2015, 3D seismic image processing for faults: 8%nnual

Meeting of the Society of Exploration Geophysics, Expandedlbstracts.

2. Wu, X. and D. Hale, 2014, Horizon volumes with interpreted constraist 84th Annual

Meeting of the Society of Exploration Geophysics, Expandedlbstracts.

1. Wu, X. and D. Hale, 2013, Extracting horizons and sequence boundgrirom 3D seis-
mic images: 83rd Annual Meeting of the Society of Exploratio®eophysics, Expanded

Abstracts.
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CHAPTER 2
3D SEISMIC IMAGE PROCESSING FOR FAULTS

Modi ed from a paper published onGeophysics

Xinming Wu! and Dave Halé
2.1 Summary

Numerous methods have been proposed to automatically exttdault surfaces from 3D
seismic images, and those surfaces are often representedneghes of triangles or quadrilat-
erals. Such mesh data structures are more complex than theayrs used to represent seismic
images, and are more complex than necessary for subsequeantcpssing tasks, such as that
of automatically estimating fault slip vectors. To facilitate image processing for faults, we
propose a simpler linked data structure in which each sampdé a fault corresponds to exactly
one image sample. Using this linked data structure, we extrid multiple intersecting fault
surfaces from 3D seismic images. We then used the same stiuetin subsequent processing
to estimate fault slip vectors, and to assess the accuracyestimated slips by unfaulting the

seismic images.
2.2 Introduction

Faults like those shown in Figure 3.1 are important geologiadaces that we can auto-
matically extract from 3D seismic images. When extracting aatilt surface, we also want to
obtain fault strikes, dips, and slip vectors, as illustratd in Figure 2.2.

To extract fault surfaces, fault images (like that shown in Fjure 3.1a) are rst computed
from a seismic image. These fault images indicate where fgunight exist. Many methods
have been developed to compute fault images using attribstesuch as semblance (Marfurt

et al., 1998), coherency (Marfurt et al., 1999), variance @hden et al., 2001; Van Bemmel

1 Center for Wave Phenomena, Department of Geophysics, Colorado School dfines
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Figure 2.1: A small subset of 3D seismic image displayed withault image (a), fault samples
(b), and fault surfaces (c), all colored by fault likelihood

Figure 2.2: Fault dip slip (a) is a vector representing displzement, in the dip direction,
of the hanging wall side of a fault surface relative to the fawall side. Fault throw is the
vertical component of the slip. Fault strike and dip angleswith corresponding unit vectors
are de ned in (b).

and Pepper, 2000), gradient magnitude (Agrawi and Boe, 201ahd fault likelihood (Hale,
2013b).

Various methods are also proposed to extract fault surfacé®m computed fault images,
Pedersen et al. (2002) and Pedersen et al. (2003) propose #m tracking method to rst
extract small fault segments, which are then merged to fornadger fault surfaces. Similarly,
the methods, proposed by Gibson et al. (2005), Admasu et al.Q@6) and Kadlec et al.
(2008), also try to build larger fault surfaces from smallgpatches. Hale (2013b) uses images
of fault likelihoods, strikes and dips to construct fault stfaces that coincide with ridges of

the fault likelihood image.
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From extracted fault surfaces, fault slips can be estimatday correlating seismic re ectors
or horizons on opposite sides of the fault surfaces. For exple, Borgos et al. (2003) correlate
seismic horizons across faults by using a clustering methatth multiple seismic attributes.
Admasu (2008) propose to use a Bayesian matching of seismicians extracted on opposite
sides of faults. Aurnhammer and Tonnies (2005) and Liang et.a]2010) use windowed
crosscorrelation methods to correlate seismic re ectors@ss faults. Hale (2013b) uses a
dynamic image warping method.

As discussed above, various methods have been proposed tomaefault images, extract
fault surfaces and estimate fault slips. However, the probteof extracting intersecting faults,
like those shown in Figure 3.1, is not well addressed. For expl®, the method described by
Hale (2013b) assumes that a single seismic image sample caragsociated with only one
fault, and therefore extracts incomplete fault surfaces, itih holes at intersections. Incomplete
fault surfaces cause problems for all the above methods ugedestimate fault slips, because
near holes it is di cult to determine which seismic re ectors should be correlated.

This paper contributes mainly to two aspects of image procgiag for faults: Firstly,
we address the problem of extracting intersecting faultsna obtain complete fault surfaces
without holes. Secondly, we propose to represent a fault $ace using a linked data structure
that is simpler than triangle or quadrilateral meshes oftemsed for fault surfaces.

We rst use the method described in (Hale, 2013b) to compute iages of fault likelihoods,
strikes and dips. Each of the these images has non-null vaduenly at faults, as in the fault
likelihood image shown in Figure 3.1a. Therefore, these tleréault images can be represented,
all at once, by fault samples shown in Figure 3.1b. Each faulample corresponds to one
and only one seismic image sample, and can be displayed as albksguare colored by fault
likelihood and oriented by strike and dip.

We then use the fault samples in Figure 3.1b to construct fauiurfaces, which appear to
be continuous, as shown in Figure 3.1c, but are actually onlinked lists of the fault samples

in Figure 3.1b. In Figure 3.1c, we simply increase the size ofusges that are used to
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represent fault samples, so that they overlap and appear torim continuous surfaces. Each
of these fault surfaces is constructed by linking each fautample with neighbors above,
below, left and right. If any of the four neighbors are missm we attempt to create them
using a method proposed in this paper. In this way, we |l hokeand merge separated fault
segments to form more complete and intersecting faults asostm in Figure 3.1c.

With more complete surfaces without holes, we are able to maaecurately estimate fault
slips. To verify the estimated slips, we use them in an unfaing processing to correlate

seismic re ectors across faults.

Amplitude

Amplitude

-0.5

Figure 2.3: A 3D synthetic seismic image (a) with four faults mmnually interpreted in (b).
The dashed lines in (b) represent normal faults, while the Bd line represents a reverse fault.
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2.3 Fault images

To illustrate our 3D seismic image processing for: (1) compg images of fault likeli-
hood, strike and dip, (2) constructing fault samples from timned fault images, (3) linking
fault samples to form fault surfaces, and (4) estimating fdudip slip vectors, we created a
synthetic 3D seismic image with normal, reverse, and intexsting faults, as shown in Fig-
ure 2.3. This synthetic image contains two intersecting naral faults F-A and F-B, a reverse
fault F-C, and a smaller normal fault F-D. While somewhat unreastic, this synthetic image
provides a good test for processing of both normal and reverfaults, and intersecting faults.

In 3D seismic images like those shown in Figures 3.1, and 2&Jlfs appear as disconti-
nuities that are locally planar (or locally linear in 2D sli@s). This means that, to highlight
faults from a seismic image, we do not only look for discontiities, but rather for discon-
tinuities that are locally planar. Fault likelihood, as de ned by Hale (2013b), is one such
measure of locally planar discontinuity. Therefore, we us¢ale's (2013b) method to compute
fault likelihood (Figure 2.4a), while at the same time estimizng fault strike (Figure 2.4b)
and dip (Figure 2.4c). The fault likelihood image indicates here faults might exist, while
the strike and dip images indicate their orientations.

In computing these fault images, this method scans over a rg@ of possible combinations
of strike and dip to nd the one orientation that maximizes the fault likelihood, for each
image sample (Hale, 2013b). The maximum fault likelihood faach image sample is recorded
in the fault likelihood image (Figure 2.4a), and the strike ad dip angles that yield the
maximum likelihood are recorded in the fault strike (Figure 2ib) and dip (Figure 2.4c)
images, respectively. In the fault likelihood image in Figer 2.4a, we expect relatively high
values in areas where faults might exist. In the fault strikéFigure 2.4b) and dip (Figure 2.4c)
images, we expect strike and dip angles to be accurate only evh faults are likely, that is,
where fault likelihoods are high.

As discussed by Hale (2013b), a signi cant limitation of thissanning method is in dealing

with intersecting faults. Because only a single fault likdlood value, and its corresponding
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Figure 2.4: A 3D seismic image with fault likelihoods (a), stikes (b) and dips (c) displayed
in color. The dashed white circle in each image indicates omecation where fault F-A
intersects fault F-B.
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Figure 2.5: Thinned fault likelihood image (a) has non-zeroalues only on the ridges of
the fault likelihood image in Figure 2.4a. Fault strikes and igbs corresponding to the fault

likelihoods are displayed in (b) and (c), respectively. Thdashed white circle in each image
indicates one location where fault F-A intersects fault F-B.
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fault strike and dip are recorded for each image sample, thimethod implicitly assumes
that each image sample can be associated with only one faulThis assumption is not
valid for samples where two or more faults intersect. For er#le, in the intersection area
highlighted in Figure 2.4, fault likelihoods, strikes and g¢is for only fault F-B have been
recorded, and the information corresponding to fault F-A is msing there. Fault likelihoods
of fault F-A might also be high near this intersection, but hae been discarded together with
corresponding strikes and dips, only because they were slaathan the fault likelihoods

computed for fault F-B. Therefore, fault surfaces directly xracted from such fault images
often have holes, especially near fault intersections. Westribe below a method to Il holes
when constructing fault surfaces.

We do not expect faults to be as thick as the features apparent the fault likelihood
image in Figure 2.4a. Therefore, we keep only the values on thdges of fault likelihood,
and set values elsewhere to be zero, to obtain a thinned falikelihood image shown in
Figure 2.5a. We also keep strike and dip angles for only the spi@s with non-zero values
in Figure 2.5a, to obtain the corresponding thinned fault stke (Figure 2.5b) and dip (Fig-
ure 2.5c) images. These thinned fault images have non-nulllves only for samples that
might be on faults.

We again observe that fault likelihoods, strikes and dips dault F-A are missing in the
intersection area (dashed white circles in Figure 2.5) becsai of the limitation discussed
above. We also observe that some non-null values appear whéaults do not exist. The
reason for this is that, in the scanning process, we assumdyoiinat faults are locally planar
discontinuities. We will discuss below additional conditins that must be satis ed for the

non-null samples in Figure 2.5 to be considered as faults.

2.4 Fault samples and surfaces

Notice that most samples in thinned fault images shown in Figer2.5 are null. For this
reason, we use fault samples to more e ciently represent théhree fault images with less

computer memory. We then extract fault surfaces from the fdusamples, and represent the
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surfaces using simple and convenient data structures.
2.4.1 Fault samples

Because most samples in the images of fault likelihood (Figu.5a), strike (Figure 2.5b)
and dip (Figure 2.5c) are null, we can display the three imageall at once, as fault samples
shown in Figure 2.6a, and more clearly in Figure 2.7a. Each faidample is displayed as
a colored square. The color of each square denotes fault litkeod, while the orientation
of each square represents fault strike and dip. Fault sampglexist only at positions where
thinned fault likelihoods are non-null, and each fault sanip corresponds to one and only
one image sample. Therefore, these fault samples contairaetty the same information
represented in the thinned fault images shown in Figure 2.5.

Most fault samples, especially those with high fault liketioods, are aligned approximate
planes, consistent with locally planar fault surfaces. Sammisaligned fault samples, often
with low fault likelihoods, are also observed in Figures 2.6d 2.7. These misaligned samples,

however, cannot be linked together to form locally planar tdt surfaces of signi cant size.

Fault likelihood

Figure 2.6: The three faultimages in Figure 2.5 can be represed by fault samples displayed
as small squares (a). Each square in (a) is colored by faulkdiihood and oriented by the
strike and dip of the corresponding fault sample. Links arénen built among consistent fault
samples, and each set of linked fault samples in (b) repreten fault surface that appears
opaque in (c), where fault samples are displayed as largeredapping squares.
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Figure 2.7: Close-up view (a) of a subset of fault samples frofgure 2.6a. Links built
among nearby fault samples form three sets of linked sampl®3$ which represent three fault
surfaces (or patches). Near the intersection of faults F-A anB-B, fault F-A is separated
into two independent patches, and fault F-B has a hole. New fausamples (colored by
yellow and blue) are created to merge the fault patches andl the hole to construct more
complete intersecting fault surfaces (c).

2.4.2 Fault surfaces

Fault surfaces are often represented by meshes of triangbesjuadrilaterals (Hale, 2013Db).
However, these mesh structures are unnecessary for the im@gecessing described in this
paper.

For example, to estimate fault slips, we must analyze seistnimage samples alongside
faults. This means that we must know how to walk vertically upand down (tangent to fault
dip), and horizontally left and right (tangent to fault stri ke), on a fault surface, and thereby
to access seismic image samples adjacent to the fault. Theadulateral mesh discussed by
Hale (2013b) is one way to e ciently access seismic image sal@p alongside a fault. In this
paper, we use a simpler linked data structure, shown in Figulse&.6b, 2.7b and 2.7¢c, to nd

seismic image samples adjacent to faults.
2.4.3 Linking fault sample neighbors

To link fault samples into fault surfaces, we use their faullikelihoods, strikes and dips.

We grow a fault surface by linking nearby fault samples withisiilar fault attributes, begin-
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ning with a seed sample that has su ciently high fault likelhood. Remember that each fault
sample corresponds to exactly one sample of the seismic imaghis means that we can use
the image sampling grid to e ciently search for neighbor samles that should be linked. In a

3D sampling grid, each fault sample has 26 adjacent grid pténna 3 3 3 cube centered
at that sample, but most of these adjacent grid points will nbhave a fault sample. At these

adjacent grid points, we search for up to four neighbor faukamples, above and below (in
directions best aligned with fault dip), left and right (in directions best aligned with fault

strike).

To nd a neighbor above, we need only consider the upper 9 adgnt points in the
3 3 3 cube of grid points. Among these 9 grid points, we search forfault sample that
lies nearest to the line de ned by the center fault sample ands dip vector. Similarly, we
search for a neighbor below among the lower 9 adjacent gridipts.

To nd a neighbor right and left, we need only search in the 8 gdcent grid points with
the same depth as the center fault sample in the 33 3 cube. The right neighbor is the
one located in the strike direction and nearest to the line deed by the center fault sample
and its strike vector. The left neighbor is the one in the oppite direction and closest to
the same line.

The fault samples (up to four) obtained in this way are only cadidate neighbors. To
be considered as valid neighbors and then linked to the centgample, they must have fault
likelihoods, dips and strikes similar to those for the centesample.

The processing above is repeated for each fault sample néighuntil no more neighbors
can be found, to obtain a linked list of fault samples (Figure.Zb). Then a new seed with
su ciently high fault likelihood is chosen from unlinked samples for growing a new fault
surface. This process ends when no remaining unlinked fagidmples have su ciently high
fault likelihood.

Some samples linked in this way may not correspond to faultsWe discard surfaces

with small numbers of linked samples, and keep only those Wwitsigni cant sizes. For an
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example, in Figure 2.7b, we have kept only the three largestrfaces constructed from the
fault samples in Figure 2.7a. Other fault samples (such as tbe colored by green and blue
in Figure 2.7a) are then ignored in subsequent processing.

As shown in Figure 2.7b, each sample in a fault surface is linkemlup to four neighbors.
Some neighbors might be missing, and this is in fact necessdrecause faults are not per-
fectly aligned with the sampling grid of a 3D seismic imagend also because faults are not
strictly planar surfaces.

However, some neighbors may be missing because the seismagaris noisy. And where
faults intersect, fault samples constructed directly fronfault images may be missing, as
shown in Figure 2.7a. These missing fault samples can causéebowithin a fault surface,
like the fault F-B shown in Figure 2.7b, and can yield gaps whickeparate a fault surface into
independent patches, like those of fault F-A shown in Figure Zb. To Il in these holes and
gaps to construct more complete fault surfaces, we must impolate missing fault samples,

as shown in Figure 2.7c.
2.4.4 Interpolating missing neighbors

During the processing discussed above for linking neighsao a fault sample, if any of
the neighbors above, below, left or right are missing, we titp create them. We do not rst
construct fault surfaces or patches with holes (missing mgibors) as shown in Figure 2.7b,
and then |l holes in each of the constructed fault surfacesrgatches, because in this way
we cannot merge fault patches to form more complete fault dace. Instead, we check for
missing neighbors, and create them as we grow fault surfacasd thereby directly obtain
complete fault surfaces without holes as shown in Figure 2.7c

Remember that each fault sample contains three attributesfault likelihood, strike and
dip. This means that, if we want to create a missing fault same, we must know not only its
position, but also its corresponding fault attributes. Theefore, instead of directly creating
fault samples, we rst construct three fault images and thewrreate fault samples from these

images. Recall that we nd neighbors for a fault sample fromnty the adjacent grid points
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ina3 3 3cubethatis centered at that fault sample. This means thatp create a missing
neighbor, we need only create adjacent fault samples, andeth determine whether any of
them could be the missing neighbor.

To create fault samples withina 3 3 3 cube, we must create fault images in a slightly
larger cube, because fault samples are located on the ridges fault likelihood image, and
additional image samples are needed to nd these ridges. Teéore, we construct the new
small images of fault likelihood, strike and dipina5 5 5 cube.

To construct a fault likelihood image ina 5 5 5 cube centered at the fault sample
with missing neighbors, we rst search nearby to nd fault senples that have fault attributes
similar to those for the center sample. For all examples in th paper, we search for these
nearby samples in a 31 31 31 cube. Suppose that we ndN existing fault samples,
we then constructa 5 5 5 fault likelihood image by accumulating weighted anisotic
Gaussian functions generated from th#l existing fault samples found nearby:

X
f(xi)= fx)axe xi); (2.1)

k=1
wheref (x;) denotes a fault likelihood value computed for thé-th grid pointinthe5 5 5

cube, andx; denotes the position of that grid point. Heref (xx) denotes the known fault
likelihood of the k-th nearby fault sample, andg(x) is an anisotropic Gaussian function

computed for thisk-th fault sample:

1
g(x) = exp( §x> R” SRx): (2.2)
Here,R and S are 3 3 matrices:
2 3 3
R=4v;5; and, S= 90 % 0&: (2.3)
Wy 0o L

where the unit column vectorsu, and v are the dip and strike vectors of thek-th nearby
fault sample, respectively. The vectowy = ux Vi is normal to the plane of thek-th fault

sample, and , ,, and ,, are speci ed half-widths of the Gaussian function in the digu),
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strike (v) and normal (w) directions, respectively. The matrixR rotates the anisotropic
Gaussian to be aligned with the vectorsiy, v and wy. Because a fault should be locally
planar in strike and dip directions, we set the half-widths , and  to be larger than ,,, so
that the Gaussian to be accumulated extends primarily in théault strike and dip directions.
For all examples in this paper, we set,, =1 and , = , =15 samples.

To create fault samples located on ridges of a fault likelilmal image, we must also con-
struct images of fault strikes and dips. Therefore, when agmulating anisotropic Gaussian
functions for the i-th sample in the 5 5 5 cube, we also accumulate weighted outer
products of normal vectors for that sample:

h\
D(x;) = f(XK)g(Xk  Xi)Wiwy, (2.4)
k=1

We then apply eigen-decomposition to the 3 3 matrix D (x;), and choose the eigenvector
corresponding to the largest eigenvalue to be the normal wec w; for the i-th sample in the
5 5 5 cube. From each normal vectow;, we then compute strike and dip angles for this
i-th sample.

After construct the three 5 5 5 fault images, we then create fault samples on the
ridges of the fault likelihood image, and search for missingeighbors among these new fault
samples. Again, the conditions discussed in the previous sec must be satis ed when
nding neighbors from these new samples. If no valid neighlm can be found, we stop
linking neighbors to the center fault sample.

Figure 2.7c shows new fault samples created in this way, andared by yellow and blue,
for two di erent fault surfaces. Using both newly created andriginal fault samples, we are
able to construct intersecting fault surfaces without hokg as shown in Figure 2.7c.

Figure 2.6b shows the four fault surfaces extracted from thé3eismic image by using the
method discussed above. They can be displayed as opaquetfawifaces, as in Figure 2.6c, by
simply increasing the size of each square so that they ovgrland appear to form continuous

surfaces.
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a)

(=N

b)

Figure 2.8: Linked fault samples in Figure 2.6¢c can be displajas a fault likelihood image
(with mostly zeros) overlayed with the seismic image in (a)Compared to the thinned fault
likelihood image in Figure 2.5a, spurious fault samples halkeen removed. New fault samples
are created at the intersection (dashed white circle) of f#ts A and B when constructing
surfaces. The seismic image in (b) is smoothed along struats, but not across the faults.

However, these surfaces are really just linked fault sampleé&s shown in Figure 2.7c,
the samples on a surface are linked above and below in the fadip direction, left and right
in the strike direction, and no holes are apparent. These ks enable us to iterate among
seismic image samples adjacent to a fault, in both dip and #te directions, as we estimate
fault slips.

Recall that each sample in a fault surface corresponds to eXlg one sample of the

seismic image, therefore, fault likelihoods for the surfas shown in Figure 2.6¢ can be easily
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displayed as a 3D fault likelihood image (with non-null valas only at faults) overlayed
with the seismic image in Figure 2.8a. Compared to the thinnefhult likelihood image in

Figure 2.5a, spurious fault samples have been removed and niawlt samples have been
created near the intersection (dashed white circle) of faslA and B.

We create this fault likelihood image to constrain a sturctte-oriented lter (Fehmers
and Hecker, 2003; Hale, 2009) so that it smoothes along sttuces, but not across faults, to
obtain the smoothed seismic image shown in Figure 2.8b. We uk&s smoothed image in the
next section for estimating fault slips, because the smootty does what seismic interpreters
do visually when estimating fault slips, by bringing seisnsi amplitudes from within each

fault block up to, but not across, the faults.
2.5 Fault dip slips

In a 3D seismic image, fault strike slips are typically lespparent than dip slips. There-
fore, we have not attempted to estimate fault slips in the sike direction. As shown in
Figure 2.2a, fault dip slip is a vector representing displaogent, in the dip direction, of the
hanging wall side of a fault surface relative to the footwabide. Fault throw is the vertical
component of slip. If we know the fault throw and the fault suface with linked samples, as
in Figure 2.7c, then we can walk up or down the fault in the dip dection to compute the
two corresponding horizontal components of dip slip. Thefare, to estimate dip slips, we

rst estimate fault throws.
2.5.1 Fault throws

To estimate fault throws, we compute vertical components a@hifts that correlate seismic
re ectors on the footwall and hanging wall sides of a fault stace. As discussed by Hale
(2013b), this correlation can be dicult. The drawing of a fault in Figure 2.2a is a very
simple case, where the fault surface is entirely planar, arfdult throw is constant for the
entire surface. In reality, fault throws may vary signi cartly within a fault surface, and this

variation can make windowed crosscorrelation methods (Aunammer and Tonnies, 2005;
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Liang et al., 2010) fail when fault throws vary within a chose window size.

To avoid choosing windows in which throws are assumed to benstant, we use the
dynamic image warping method (Hale, 2013a,b) to estimate flwuhrows. Compared to
windowed crosscorrelation methods, dynamic image warping more accurate, especially
when the relative shifts between two images vary rapidly. Meover, this method enables us
to impose constraints on the smoothness of estimated shiffBhese constraints are important
in fault throw estimation, because we expect throws to varynsoothly and continuously along
a fault, even where they may increase or decrease rapidly.

The dynamic image warping method described in Hale (2013a)rceot be used directly
to estimate fault throws. This method assumes images to be kged (aligned) are regularly
sampled. In practice, a fault is generally not planar; instel, it is often curved and sometimes
cannot be projected onto a plane (e.g., Walsh et al., 1999) h&refore, images extracted from
opposite sides of a fault are not regularly sampled 2D imagas required for dynamic image
warping. The dynamic warping method must be modi ed for faulthrow estimation.

Hale (2013b) represents a fault surface as a quad mesh thatilitates computation
of di erences between seismic amplitudes on opposite sidesa fault. Those amplitude
di erences are computed for every sample on the fault, for ange of shifts that correspond
to di erent fault throws. The fault throws computed by dynamic warping are shifts that
minimize these seismic amplitude di erences, subject to wstraints that those shifts must
vary smoothly along the fault surface.

In this paper, we use the same dynamic warping process, buttiviseismic amplitude
di erences computed using the simpler linked data structw illustrated in Figure 2.7c. Itis
advantageous that the fault surfaces represented in Figure72 do not have holes. Holes in
fault surfaces like those shown in Figure 2.7b make it di cultto determine which samples
of the seismic image should be used when computing the amipdle di erences required for
dynamic warping. Holes also make it di cult for the dynamic waping method to enforce

the constraints that fault throws vary smoothly. For these easons, fault throws estimated
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using fault surfaces like those shown in Figure 2.7c are morecarate than those for fault

surfaces with holes, like those shown in Figure 2.7b.

b) c)

F-D F-D

F-B F-B
F-A F-A
F-C F-C

Figure 2.9: Fault surfaces and fault throws (a) for a 3D seismimage before (b) and after
(c) unfaulting. In all image slices, re ectors are more comuous after unfaulting.

Fault surfaces in Figure 2.9a are the same surfaces shown in gy 2.6¢, but colored
by fault throws estimated using the method discussed aboviVe observe that fault throws
estimated for each surface vary smoothly, as expected. Aldault throws for fault F-C are
negative because this fault is a reverse fault. Estimatedut throws for faults F-A, F-B,
and F-C generally increase in magnitude with depth, while tlows for the smaller fault F-D
rst increase, then decrease with depth. An unfaulting proasing described below veri es
the accuracy of these estimated fault throws.

With fault throw estimated for each fault sample in a fault suface, we can use the
links and the dip vectorsu to walk upward or downward, to determine fault heave for that
sample. Fault heave is the horizontal component of a slip vec, and is decomposed into
horizontal inline and crossline components. In this way, dig vector for each fault sample is
computed and represented by a vertical component in the traltime or depth direction, and
two horizontal components in inline and crossline directies. The two horizontal components
are computed but not shown in this paper.

If the computed fault dip slip vectors are accurate, then wensuld be able to undo faulting

apparent in the seismic image, that is, to correctly align sEmic re ectors on opposite sides
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of faults.
2.5.2 Unfaulted images

Hale (2013b) uses seismic image unfaulting (Luo and Hale, 2Di@verify the accuracy of
estimated dip slips. In their unfaulting method, the dip slps are assumed to be displacements
of image samples adjacent to hanging wall sides of faults,dslips for image samples adjacent
to footwall sides of faults are assumed to be zero. Becauseleaample on a fault always
lies between two samples of a seismic image, it is easy to kecand set the slips for each
pair of footwall and hanging wall samples. Luo and Hale (2013hen simply interpolate
all three components of slip vectors for all samples of theis@ic image between faults, so
that slips away from faults are smoothly varying. Unfortunagly, where faults intersect, the
assumption that slips on the footwall sides of faults are zelyields unnecessary distortions
in the unfaulted seismic image.

Here we use a di erent method described by Wu et al. (2016) to fawult a seismic image,
and thereby verify our estimated dip slips. In this method, &ctor shifts are computed for all
samples in the seismic image by solving partial di erentiadquations derived from the fault
slip vectors estimated at faults. This method moves both fawalls and hanging walls, and
even faults themselves, simultaneously, to undo faultingite minimal distortion.

Figure 2.9b shows the seismic image with faults colored by msated fault throws, the
vertical components of estimated dip slip vectors. Theselut throws, as well as the two
horizontal components of the slips, are used in Wu et al. (26Lto obtain the unfaulted
image shown in Figure 2.9c. In the unfaulted image, seismic @etors are well aligned
across faults, including the intersecting normal faults ahthe reverse fault. This unfaulted
image illustrates that estimated fault slip vectors are aagate to within the resolution of the

seismic image.
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b)

Figure 2.10: Fault samples colored by fault likelihood (a) @ computed, and linked to form
fault surfaces (b).
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b)

Figure 2.11: Fault surfaces and fault throws for a 3D seismimage before (a) and after
(b) unfaulting. In all image slices, re ectors are more comtuous after unfaulting. The red
arrows point to a large-slip fault before and after unfaultig.
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2.6 A real image example

The synthetic 3D seismic image shown in Figures 2.3{2.9 illwates our 3D seismic im-
age processing for (1) computing fault images, (2) constriy fault samples and (3) fault
surfaces, (4) estimating fault dip slips, and (5) unfaultig the seismic image to assess the
accuracy of those slip vectors. This synthetic example alstemonstrates that this image
processing works for both normal and reverse faults, and fimtersecting faults.

A subset of a real 3D seismic image, provided by Kees RuttendiBob Howard via
TNO, is used here as a further demonstration of the same prosesy. In this real seismic
image shown in Figure 2.10 (and in the smaller subset shown ingkre 3.1), many faults are
apparent and many of them intersect with others. With such falis, this image is a good
example and summary of the methods discussed above.

(1) From this 3D seismic image, images of fault likelihoodfrgke and dip are rst com-
puted by scanning over a range of possible strikes and dipgiwa simblance-based lIter that
highlights locally planar discontinuities.

(2) These three fault images are then represented by faultregles, which are displayed as
squares oriented by strikes and dips, and colored by faulkélihood in the right-upper panel
of Figure 2.10a. Remember that each fault sample corresportdsa seismic image sample in
the sampling grid of the seismic image; therefore, the sameuft samples can be displayed
as a fault likelihood image overlayed with the seismic imagdices shown in Figure 2.10a.

(3) The oriented fault samples are then linked to form fault wrfaces, displayed in the
right-upper panel of Figure 2.10b. Many of these fault surfas intersect each other, and
the di erences in strikes for these intersecting faults arapproximately 60 degrees. These
fault surfaces are really just linked lists of fault sample®cated within the sampling grid of
the seismic image; they appear as surfaces only because tiigases representing the fault
samples are displayed with sizes large enough to overlaphvéach other. These linked fault
samples can also be displayed as a fault likelihood image iaged with the seismic image

in Figure 2.10b. In the constant-time slice we observe comgdited intersections among the
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extracted fault surfaces.

Compared to the three slices in Figure 2.10a, some fault sareplare removed when
constructing surfaces, because they cannot be linked to iorsurfaces with signi cant sizes.
In this example, we discarded fault surfaces with fewer thaPO00 samples. Also, new fault
samples are created to |l holes that occur where faults intsect.

(4) These fault surfaces of linked fault samples are furthessed to estimate fault dip slips.
Fault throws (vertical component of slips) are displayed ofault surfaces in the upper-right
panel of Figure 3.9. After estimating fault slips, the number fofault surfaces is reduced,
because we keep only fault surfaces for which dip slips argrsicant. Again, each fault
sample in a fault surface corresponds to exactly one sampfete 3D seismic image, so fault
throws can be displayed as a 3D image overlayed with the seisrmage as in Figure 3.9a.

(5) Using the estimated fault dip slip vectors, the seismic iage can be unfaulted as
shown in Figure 3.9b. In the unfaulted image, seismic re eats in all image slices are more
continuous than those in the original image slices shown indgtire 3.9a. For the fault with
large slips highlighted by the red arrow in Figure 3.9a, foo and hanging wall sides are

moved signi cantly to align the re ectors on these oppositesides, as shown in Figure 3.9b.

2.7 Conclusion

We propose to represent fault surfaces by linked lists of fiaulsamples, each of which
corresponds to one and only one seismic image sample. Thasdt samples can be displayed
as 3D fault images (with mostly null values) because they aredated on the grid points of
the seismic image. Therefore, the processing for faults dissed in this paper is mostly just
image processing.

Linked fault samples can also be displayed as fault surfad®s simply increasing sizes of
squares used to represent fault samples. These fault sudachowever, are not triangle or
guad meshes, which are unnecessarily complicated for ouopessing.

Using this simple linked data structure, we construct fault grfaces by simply linking

each fault sample and its above, below, left, and right neigbrs. These neighbors must
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have fault likelihoods, strikes and dips similar to those dhe sample for which we search for
neighbors. For fault samples with missing neighbors, we grose a method to try to create
these neighbors, so as to construct more complete fault sacés without holes, even when
faults intersect. Using complete fault surfaces without hek, fault dip slip vectors can be

accurately estimated, and veri ed by unfaulting the seisnt image.
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CHAPTER 3
MOVING FAULTS WHILE UNFAULTING 3D SEISMIC IMAGES

Modi ed from a paper published onGeophysics

Xinming Wu?, Simon Lu@ and Dave Halé
3.1 Summary

Unfaulting seismic images to correlate seismic re ectorsrass faults is helpful in seismic
interpretation, and is useful for seismic horizon extraatin. Methods for unfaulting typically
assume that fault geometries need not change during unfaaly. However, for seismic images
containing multiple faults and, especially, intersectindaults, this assumption often results in
unnecessary distortions in unfaulted images. We developtd methods to compute vector
shifts that simultaneously move fault blocks and the faultshemselves to obtain an unfaulted
image with minimal distortions. For both methods, we use eshated fault positions and
slip vectors to construct unfaulting equations for image saples alongside faults, and we
construct simple partial di erential equations for sample away from faults. We solve these
two di erent kinds of equations simultaneously to compute ofaulting vector shifts that are
continuous everywhere except at faults. We test both methedn a synthetic seismic image
containing normal, reverse, and intersecting faults, andevalso apply one of the methods to

a real 3D seismic image complicated by numerous intersedifaults.
3.2 Introduction

It is desirable to undo faulting in a seismic image to align gamic re ectors across faults.
For example, from an unfaulted image with more continuous isenic re ectors, seismic hori-
zons can be more easily interpreted. Automatic unfaulting & seismic image often includes

two steps. The rst step is to estimate fault slip vectors forfaults that are manually or

1 Center for Wave Phenomena, Department of Geophysics, Colorado School dfines
°BP America Inc., Houston, Texas, USA
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automatically extracted from the seismic image. The secorsdep is to extend estimated slip
vectors away from samples on faults to all samples in the imagand then simultaneously
move fault blocks and even faults to obtain an unfaulted imagy
For the rst step, several methods have been proposed to estite fault slip vectors that

correlate seismic re ectors on opposite sides of precompdtfaults. Fault slip estimated
in this way is often dip slip, which is a vector, in the fault dp direction, representing
displacement of the hanging wall side of a fault surface réile to the footwall side. In

a seismic image, fault strike slip is typically less apparethan dip slip, and is therefore
more di cult to estimate by correlating seismic re ectors. To correlate seismic re ectors
on the opposite sides of a fault, Aurnhammer and Tonnies (200&nd Liang et al. (2010)
propose windowed crosscorrelation methods; Hale (2013bess dynamic warping method

that obviates correlation windows.

a) b) ©)

Figure 3.1: A 3D synthetic seismic image with faults coloredybfault throws (a), is signi -
cantly distorted when unfaulted (b) by moving only fault blacks while xing fault positions.
Faults (especially fault A) must also be moved to obtain an uallted image (c) with minimal
distortions.

To simplify the second step, Wei et al. (2005) and Wei (2009ksaume that fault geome-
tries need not change when unfaulting a seismic image. Luodahlale (2013) also assume
that fault positions are xed during unfaulting. These assmptions make the unfaulting

processing easier, but they might result in unnecessary tigions when unfaulting seismic
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images with multiple faults and, especially, intersectindaults. For example, in Figure 3.1,
signi cant distortions are produced in the unfaulted image(Figure 3.1b) by xing image
samples adjacent to faults in the footwalls. Clearly, the fdts, and especially fault A, must
also be moved to obtain the unfaulted image with less distaon shown in Figure 3.1c.

In this paper, we rst use the 3D image processing methods aebed by Wu and Hale
(2016) to automatically compute fault surfaces and dip slipectors for image samples ad-
jacent to faults. We then introduce two methods to compute uiaulting vector shifts for
all samples in a seismic image by solving simple equationsrided from the slip vectors.
These computed vector shifts simultaneously move footwsllhanging walls, and even the
faults themselves, to undo faulting in a seismic image, witminimal distortion as shown in
Figure 3.1c. As an additional test, we apply one of the two methis to a real 3D seismic
image complicated by many intersecting faults. The unfaud image with re ectors that are
continuous across faults is then attened using the unfoldg method described by Luo and

Hale (2013) to obtain a seismic horizon volume.
3.3 Methods

Prior to unfaulting a 3D seismic image, we must rst extract &ult surfaces and estimate
fault slip vectors. As shown in Figure 3.2, we use the method deted by Wu and Hale
(2016) to automatically compute fault surfaces (Figure 3.2kand fault dip slips, the compo-
nents of fault slips in the fault dip directions (Figure 3.2b) Fault dip slip is a vector, and the
vertical component of this vector is fault throw, which is reresented by color on the fault
surfaces in Figure 3.2b. The horizontal components of slipaters in inline and crossline
directions are not shown in this paper. Fault throw can also é displayed as a 3D image
(with mostly null values) overlayed with the seismic imageni Figure 3.2c. Note that fault
throws are nonnegative for faults A, C and D, but negative forafult B, which indicates that
the faults A, C and D are normal faults, while fault B is a revers fault. For the intersecting
faults A and D, the older fault A is dislocated by the youngerdult D. Therefore, to undo

the faulting for faults A and D, we must move the faults as welhs the adjacent fault blocks.
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As shown in Figure 3.2c, fault slips are estimated only at the ¢éations of faults. However,
to undo faulting apparent in a seismic image without distoiihg the image, we cannot shift
only the image samples adjacent to faults. Instead, we mushift all samples in the image,
and move entire fault blocks and even faults themselves. Watial. (2005) and Luo and Hale
(2013) propose to extend fault slips away from faults, intoalilt blocks, while xing fault
locations. Without shifting faults, however, these methodgsannot correctly undo faulting
in an image containing complicated faults, especially intsecting faults, like those shown in
Figure 3.2.

We propose two methods to compute vector shifts for all sangd in an image, by solving
simple equations derived from fault slips on faults, to moviaults and fault blocks simulta-

neously.

a) b) <)

Figure 3.2: Given a 3D seismic image (a), we extract fault sades (b) and estimate fault
dip slip vectors for each sample on fault surfaces. Faults {(b) and (c) are colored by fault
throws, the vertical components of slip vectors.

3.3.1 Mappings between input and unfaulted spaces

Let f (x) denote an input 3D seismic image, a sampled function of caamates x
(X1; X2;X3) in the input space. To undo faulting in this image, we must @ a mapping
x(w), wherew  (wqg;W;;w3) are coordinates in the unfaulted (output) space, and then

compute an unfaulted image
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h(w) = f [x(w)]: (3.1)

We express the mapping(w) in terms of a shift vector eld r(w) de ned in the unfaulted

space:
X(w)=w+ r(w): (3.2)

Therefore, the desired mapping(w) can be obtained by solving for the shift vector eld
r(w). For any location w in the sampling grid of the unfaulted space, this mapping(w)
tells us where to nd the corresponding sample in the input gre. However, it can be
di cult to directly solve for the shift vector eld r(w) in the unfaulted space, because fault
locations and slip vectors are computed in the input space.

We assume that the mapping«(w) from unfaulted coordinatesw to input coordinates
X is reversible. This means that we can nd a mappingv(x) that converts points from the
input space to the unfaulted space. We express(x) in terms of a shift vector eld s(x) in

the input space:
w(x)=x s(x): (3.3)

We can usually nd this shift vector led s(x) in the input space by using the fault locations
and dips we have in the input space, and thereby obtain the mpmg w(x). However,
if applied directly to a uniformly sampled input imagef (x), the mapping w(x) yields an
irregularly sampled unfaulted imageh(w(x)) = f (x). Therefore, we instead use the inverse
mapping x(w) and 3D sinc interpolation off (x) to compute a uniformly sampled image
h(w) = f (x(w)).

For these reasons, we rst solve for the shift vector elds(x) in the input space, and
then convert s(x) to the shift vector eld r(w) in the unfaulted space, which is then used to
compute the mappingx(w) = w + r(w) and the unfaulted imageh(w).

Assuming that the mapping between the input and unfaulted sps is reversible, equa-

tions 3.2 and 3.3 imply the following relationship betweenhe shift vector elds s(x) and
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r(w):
r(w(x)) = s(x): (3.4)

We solve this equation forr(w) using an iterative method. We begin with an initial shift
vector eld ro(w) = s(w), and then iteratively update the initial shift vector eld to compute
r(w):

ro(w) = s(w)
Xo(W) = W + ro(w)
ri(w) = s(xo(w))
X1 (W) = w + ry(w)
(3.5)
ri(w) = s(x; 1(w))
Xi(w) = w + ri(w)

r(w)  rm(w) = s(w+ rp 2(w)):

In this way, we update the shift vector eld r;(w) until the updates are insigni cant in
the m-th iteration, to obtain the shift vector eld r(w) rn(w) in the unfaulted space.
This iterative process is fast, as only a nearest neighbortémpolation method is needed
when computingrij(w) = s(w + r; 3(w)). In practice, we nd that m = 20 iterations are
su cient. Therefore, we can e ciently compute r(w) in the unfaulted space, if we already
know s(x) in the input space.

To compute the shift vector eld s(x) in the input space, we propose two methods that

solve simple equations derived from slip vectors estimated faults.
3.3.2 \Vector shifts in input space

As discussed by Rice (1983), faults can be considered as stefaof slip (displacement)
discontinuity in surroundings with continuous slip. This neans that, when a fault is formed,
the slip vector eld generating this fault should be contineus in neighboring fault blocks
but is discontinuous at the fault. Therefore, to undo faultng apparent in a seismic image, we

must compute unfaulting shifts that are also continuous indult blocks and discontinuous at
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faults. Accordingly, we de ne equations of unfaulting di eently for image samples alongside

faults and for those elsewhere within fault blocks.

Figure 3.3: A fault slip vectort(x,), estimated at each footwall sample adjacent to a fault,
tells us how to correlate the image sample at, in the footwall to the corresponding sample
Xp in the hanging wall.

After estimating fault slips shown in Figures 3.2b and 3.2c, ware able to compute
unfaulting shifts for the samples adjacent to faults. Figure.3 shows an example of a slip
vector t(x,) estimated at a samplex, adjacent to a fault from footwall; this slip vector
indicates how to correlate the image sample at, in the footwall to the corresponding
sample atx, = x5 + t(x,) in the hanging wall. Image samples, and x, must be located at

the same position in the unfaulted space:
W(X,) = W(X); (3.6)
which can be rewritten using equation 3.3 as
Xa S(Xg5) = Xp S(Xp): (3.7)
Becausex, = Xa + t(Xx,), we have
S(Xy)  s(x,) = t(x,): (3.8)

Because both the shiftss and slipst are vectors, equation 3.8 represents three equations,

one for each component, and we can write the three equations a

Sk(Xp)  sk(X,) = t(x,); (3.9)
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wherek = 1;2;3 are indices representing the components of vectors in thessline, inline
and vertical directions, respectively.

Recall that we estimate slip vectors everywhere within fatd, which means that we have
unfaulting equation 3.9 for all image samples alongside ft81 Assuming that slip vectors are
estimated forL samples on faults, then we havke unfaulting equations for each component
of our desired vector shifts.

Equation 3.9 applies only to those samples alongside faultor other samples away from
faults, we expect unfaulting shifts to vary slowly and contiuously. Thus, derivatives of each

component of the vector shifts(x) should be nearly zero:
FOO)r se(x) 0 (3.10)

wherer represents the gradient operator, andy(x)(k = 1; 2; 3) represent the three compo-
nents of vector shifts for all samples in an image. Herk(x) is a weighting function that is
zero at image samples adjacent to faults, and is one elsewei herefore, equation 3.10 is
used for all image samples except those adjacent to faults.

Having de ned unfaulting equation 3.9 for image samples algside faults, and the
smoothing equation 3.10 for samples elsewhere, we can noWwesfor the unfaulting shifts
S(x). We propose two methods to simultaneously solve these uafting and smoothing equa-
tions for s(x) in two di erent ways. Both methods work well for the example in this paper,
but they are derived based on di erent assumptions about thestimated slip vectors and
they use the unfaulting equation 3.9 in di erent ways. Methd | assumes that slip vectors
are estimated for most samples on faults, but that the estinted slips might be inaccurate
for some samples. Method Il assumes that slip vectors are kgd manually for a limited

number of samples on faults, and that these slip vectors arecurate.
3.3.3 Method I

In practice, automatically estimated slip vectors might benaccurate for some samples

on faults. In such a situation, we want to rewrite equation ® as an approximation:
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SeX)  ScXg)  t(xy): (3.11)

In addition, if we have a measure(x) of the quality of the estimated slip vectors at faults,
we can use this measure to weight equation 3.11 so that sangpieith well estimated slips

are weighted more than those with poorly estimated slips:
c(Xa)(sk(Xp)  sk(Xy))  c(Xa)t(X,): (3.12)

For the examples in this paper, the measure(x) is fault likelihood (Wu and Hale, 2016),
which we compute for every image sample location where the slip vectort(x) is also
estimated.
To compute unfaulting shifts for all samples in an image, weke equations 3.10 and 3.12
simultaneously:
F(X)r sk(x) O

C(Xa)(sk(Xy) sk(Xyl)  c(Xa)tk(x,);

where we have introduced the parameter to balance the two equations. For all examples in

(3.13)

this paper, we use = N wherel is the number of samples on faults antll is the number
of all samples in a seismic image. Although we solve the two efjons simultaneously, the
second equation is de ned only for samples adjacent to fasjtwhere the rst equation is
disabled because (x) is zero for those samples.

Because equations 3.13 for the di erent component& € 1;2; 3) of vector shifts are not
coupled with each other, we can solve for each component ipéadently. We use the vertical
component k = 3) to explain how to solve these equations:

F(xX)r s3(x) O

3.14
COa(s(x) Sy C(XatalXy): (344
These equations can be represented in matrix-vector form as
WG 0 .
cM S ot (3.15)

wheresis aN 1 vector representing the unknown vertical shifts for a 3D iage with N

samples;G isa 3 N matrix representing nite-di erence approximations of the gradient
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operator; W isa 3N 3N diagonal matrix with zeros and ones on the diagonal entrieg)e
zeros corresponding to samples adjacent to faults, and thees corresponding to samples
away from faults; t is anL 1 vector containing the vertical component of slip vectors
estimated forL (L < N ) samples on faults;C is anL L diagonal matrix with fault
likelihoods scaled by on the diagonal; andM isanL N sparse matrix with mostly zeros,
ones for the samples adjacent to faults in hanging walls, amegative ones for the samples
adjacent to faults in footwalls.

a) b) <)

Figure 3.4: Vertical (a), inline (b) and crossline (c) compaents of unfaulting shiftss(x) are
computed in the input space using method I. Discontinuitiesn each component of shifts
coincide with fault locations.

Figure 3.5: Vertical (a), inline (b) and crossline (c) compaents of unfaulting shiftss(x) are
computed in the input space using method Il. Discontinuitie in each component of shifts
coincide with fault locations.

In total, we have N + L equations for onlyN unknowns. Therefore, we might compute

a least-squares solution of equation 3.15 by solving the naal equations
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G>W”WGs + M>C>CMs = M>C”Ct; (3.16)

where the rst term corresponds to the smoothing equation B0. In practice, however, fault
dip slips typically vary mainly in dip directions, which areoften more consistent in directions
normal to seismic re ectors than in directions parallel to hose re ectors. Therefore, instead
of the isotropic smoothing used in equation 3.16, we shoulohgoth less for unfaulting shifts
in directions normal to re ectors than in directions paralél to re ectors.

To implement this anisotropic smoothing of unfaulting shis, we simply modify the rst

term in equation 3.16 by adding a matrixD:
G W”DWGs + MC°CMs = M”C”Ct: (3.17)

The matrix D contains spatially varying tensors derived from structurdensors (Fehmers
and Hecker, 2003; Van Vliet and Verbeek, 1995) computed forlamage samples. Each
tensor T represented in the matrixD is a 3 3 symmetric positive-de nite matrix with

eigen-decomposition
T = 1viv] + oVovs +  3VaVs; (3.18)

wherev, is an eigenvector normal to seismic re ectorsy, and v; are eigenvectors that lie
within a plane tangent to seismic re ectors. Eigenvalues;; ,, and 3, all in the range [Q 1],
correspond to eigenvectorsy, v,, and vz, respectively. For the examples in this paper, we
set ; =0:01, ,= 3=1:0to construct the tensor matrixD, so that unfaulting shifts are
smoothed in directions normal to re ectors less than in dii@ions parallel to re ectors.

Note that to solve equation 3.17 for the vertical shiftss, we do not explicitly form
the matrices in this equation. Instead we solve the equationsing a conjugate gradient
(CG) method, which requires only the computation of matrixvector products for matrices
G W”DWG , M”C>CM, and M~ C~C. Similarly, we can also solve for the horizontal

components of the unfaulting vector shifts in inline and cissline directions.
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For example, we use slip vectors, estimated on the fault sades shown in Figure 3.2,
to construct the coe cients in equation 3.17. Then solving his equation, we compute the
vertical, inline, and crossline components of the unfaultg shifts shown in Figures 3.4a, 3.4b
and 3.4c, respectively. We observe that the shifts are distmuous at faults and continuous

elsewhere, as expected.
3.3.4 Method Il

For method I, we assumed that fault slip vectors are estimatieusing an automatic method
for most samples on faults, and, as a result, might be inacaie for some samples. However,
in an interactive interpretation system, one might manuai} pick pairs of points, for example
Xa and Xy in Figure 3.3, alongside a fault, and then simply compute casponding slip
vectorst(X,) = Xp Xa.

In this case, we expect the unfaulting equation 3.9 with intpreted slip vectors to be
strictly satis ed for manually picked pairs of points alongide a fault. At the same time,
however, we still expect shifts to vary smoothly within faul blocks, for all image samples
located away from faults. Therefore, for method Il, insteadf solving equation 3.17 , we

compute the unfaulting shifts by solving
G> W DWGs = 0 subjectto Ms = t: (3.19)

As discussed by Wu and Hale (2015b), we use a preconditioned C@thod to solve this
linear system with hard constraints. The unfaulting equatn Ms = t is implemented with
simple preconditioners in the CG method; the details of cotracting such preconditioners
are discussed by Wu and Hale (2015b). Starting with initial sfts that satisfy the unfaulting
equationMs = t, the CG iterates update the shifts for all samples, while thpreconditioners
guarantee that the updated shifts always satisfy the unfatihg equation after each iteration.

To test this method, we used our automatically estimated fduslips to construct the
unfaulting equation Ms = t for all samples alongside faults, and compute initial shgtwith

which the CG method begins. The computed vertical, inline ahcrossline components of
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vector shifts are shown in Figures 3.5a, 3.5b and 3.5c, resipaady. Similar to the shifts com-
puted using method I, each component of shifts computed ugitthis method is discontinuous

at faults and smoothly varying elsewhere.

Figure 3.6: Vertical (a), inline (b) and crossline (c) compoents of unfaulting shifts in the
unfaulted space are converted from those in the input spac@asvn in Figure 3.4. The
discontinuities on each component of shifts are displacedlative to those in Figure 3.4.

Figure 3.7: Vertical (a), inline (b) and crossline (c) compaents of unfaulting shifts in the
unfaulted space are converted from those in the input spacéasvn in Figure 3.5. The
discontinuities on each component of shifts are displacedlative to those in Figure 3.5.

3.3.5 \Vector shifts in the unfaulted space

The shifts s(x) computed by the two methods above are all in the input spaceWe
must map them into the unfaulted space before unfaulting theeismic image. We obtain the
corresponding vector shiftg (w) in the unfaulted space using the e cient iteration method

in equation 3.5.
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Figure 3.8: The input synthetic seismic image (a) is unfaulte¢(b) using shifts in Figure 3.6
computed by method I, and (c) using shifts in Figure 3.7 compatl by method II.

Figure 3.6 shows all components of vector shift¢w) obtained in this way from the vector
shifts s(x) (Figure 3.4) computed in the input space using method I. Figer 3.7 shows all
components of vector shifts (w) converted from the vector shiftss(x) (Figure 3.5) computed
in the input space using method Il. Before conversion, we a@se that discontinuities in
each component of shifts coincide with faults in the input sgre, as in Figures 3.4 and 3.5.
However, after converting shifts to the unfaulted space, thdiscontinuities on each component
of shifts in Figures 3.6 and 3.7 are displaced relative to thesn Figures 3.4 and 3.5.

Using the converted vector shifty(w) in Figures 3.6 (method |) and 3.7 (method II),
we obtain the corresponding unfaulting mapping(w) = w + r(w) and then compute the
unfaulted images shown in Figures 3.8b (method I) and 3.8c (thed I1). In both unfaulted
images, seismic re ectors are more continuous than those time input seismic image (Fig-
ure 3.8a). We also observe that the faults are shifted in thentaulted space, relative to the
input space. For example, fault A is dislocated in the origal seismic image (Figure 3.8a)
by its intersecting fault, but is relocated in both unfaultedl images (Figures 3.8b and 3.8c)
computed using two di erent methods.

As shown in Figures 3.8b and 3.8c, both methods provide unfaett images with minimal

distortions, because slip vectors (Figure 3.2) are estimateccurately for all faults in this
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synthetic example. In practice, however, we suggest usingethod | when slip vectors are
estimated using an automatic method for numerous samples faults, because such slip vec-
tors might be inaccurate for some samples. Large errors impsvectors will yield large errors
in the unfaulting shifts computed using method II, becausehte unfaulting equations with
slip vectors serve as hard constraints for this method. Folijg vectors with errors, method |
is preferred, because it computes a least-squares solutafrthe unfaulting equations, which
can be weighted according to some measure of the quality ofiested slips.

If instead fault slip vectors are manually interpreted for aly a limited number of sam-
ples alongside faults, then we suggest method Il. For this thed, the unfaulting equations
constructed from the interpreted slip vectors serve as harcbnstraints for computing un-
faulting shifts; therefore, the resulting unfaulted images guaranteed to be consistent with

the interpretation.
3.4 Application

The synthetic examples shown in Figure 3.8 demonstrate thatoth methods work well
in unfaulting normal, reverse, and intersecting faults. Asraadditional test, method | was
further applied to a real seismic image complicated by inteecting faults.

From the 3D seismic image shown in Figure 3.9a, we rst used thmethods described
by Wu and Hale (2016) to compute fault surfaces and dip slip views. Fault throws, the
vertical components of dip slips, are displayed in color in §ure 3.9a. Note that fault throws
are nonnegative, which indicates that the faults shown her@e normal faults. We observe
that most fault surfaces intersect others, and from the harontal slice in Figure 3.9a, the
strike angles for the intersecting faults di er by approxinately 60 degrees.

Using the computed fault surfaces and slip vectors, we thenmputed unfaulting vector
shifts r(w) in unfaulted space using method I. The vertical componentsf the shifts are
displayed in Figure 3.9b. The inline and crossline componenbf the shifts are not shown.
The intersections of faults are apparent in the horizontallise of the vertical shifts shown in

Figure 3.9b.
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a)

Figure 3.9: Fault surfaces and slip vectors (a) are rst estiated from a 3D seismic image,
and then are used to compute unfaulting vector shifts (b) usebelow in image unfaulting.
Only vertical components of vectors are shown here.
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a)

Figure 3.10: A 3D seismic image before (a) and after (b) unfding. In all image slices,
seismic re ectors are more continuous after unfaulting. Fdhe large-throw fault highlighted
by a red arrow in (a), the corresponding fault blocks are signantly moved in (b) to align
seismic re ectors on opposite sides of this fault.
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a)

Figure 3.11: Composite shifts (a) are computed and then used bbtain an unfaulted and
unfolded image (b).
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Figure 3.12: Two horizon surfaces (colored by depth) are eatted using composite shift
vectors that map an image from input space to unfaulted and ualded space. The vertical
component of the composite shift vectors is displayed in Figa13.11a.

Using the unfaulting vector shiftsr(w), we then compute the unfaulting mapping
x(w) = w + r(w), which undoes the faulting in the seismic image (Figure 3.apto produce
the unfaulted image shown in Figure 3.10b. In this unfaultednage, seismic re ectors in all
image slices are more continuous across faults than thosethe original image slices shown
in Figure 3.10a. For the fault with large slips highlighted bythe red arrow in Figure 3.10a,
footwall and hanging wall sides are moved signi cantly to &n the re ectors on opposite
sides of the fault, as shown in Figure 3.10b.

For an unfaulted image with seismic re ectors that are contiuous across faults, seismic
horizon interpretation is more straightforward, for eithe manual or automatic methods. Here
we used the method described by Luo and Hale (2013) to computector shifts that undo
the folding in the unfaulted image (Figure 3.10b), to obtain tle unfolded image shown in
Figure 3.11b. In the slices of the unfolded image shown in FiguB.11b, seismic re ectors are
horizontal. As discussed by Luo and Hale (2013), using the ulding vector shifts together
with unfaulting vector shifts, we can compute composite véar shifts, which enable us to

directly map the input seismic image to the unfaulted and umided space. The vertical

53



components of the computed composite vector shifts are diaped in Figure 3.11a.

Using the composite vector shifts, we are able to extract anyumber of seismic hori-
zons from the input seismic image in the input space, as dissed by Luo and Hale (2013).
Figure 3.12 shows two seismic horizons extracted using thewqmuted vector shifts. Our un-
faulting processing facilitates the extraction of such coplicated horizon surfaces by aligning

seismic re ector across faults.
3.5 Conclusion

We have described two methods to automatically undo faultgnin 3D seismic images.
Both methods require precomputed fault positions and slipectors at faults. Both methods
e ciently compute vector shifts that simultaneously move fawlt blocks and faults themselves
to undo faulting in seismic images. We suggest using methodhen fault slips are estimated
automatically for most samples at faults, because this medld computes a least-squares
solution of the unfaulting equations constructed from estiated slips. Method Il is preferable
if fault slips are manually interpreted for only a limited number of samples at faults, because
this method considers the interpreted slips as hard constrés when computing unfaulting
shifts.

One limitation of both methods is that they do not truly reverse the geologic deformation
of faulting. We construct simple partial di erential equations for samples away from faults
in fault blocks to obtain smooth unfaulting shifts for thesesamples. The unfaulting shifts
are allowed to vary more signi cantly in directions normal © seismic re ectors than in
directions parallel to re ectors by using spatially variam tensor elds as coe cients in these
partial di erential equations. Although these simple equabns can be solved e ciently
and unfaulted images appear reasonable, it might be possdnd preferable to use a more
geologically and geomechanically correct way to compute faalting shifts for samples away

from faults.
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CHAPTER 4
3D SEISMIC IMAGE PROCESSING FOR UNCONFORMITIES

Modi ed from a paper published inGeophysics2015, 80 (2), IM35-IM44

Xinming Wu?! and Dave Halé
4.1 Summary

In seismic images, an unconformity can be rst identi ed by e ector terminations (i.e.,
truncation, toplap, onlap or downlap and then be traced downdip to its corresponding correl-
ative conformity, or updip to a parallel unconformity, for kample in topsets. Unconformity
detection is a signi cant aspect of seismic stratigraphimterpretation, but most automatic
methods work only in 2D and can only detect angular unconforities with re ector termi-
nations. Moreover, unconformities pose challenges for antatic techniques used in seismic
interpretation. First, it is di cult to accurately estimate normal vectors or slopes of seismic
re ectors at an unconformity with multi-oriented structures due to re ector terminations.
Second, seismic attening methods cannot correctly atteme ectors at unconformities that
represent hiatuses or geologic age gaps. To address thesdlehges, we rst propose a 3D
unconformity attribute computed from a seismic amplitude mage to detect unconformi-
ties by highlighting both angular unconformities and corrgponding parallel unconformities
or correlative conformities. These detected unconformitgurfaces are further used as con-
straints for a structure-tensor method to more accurately stimate seismic normal vectors
at unconformities. Finally, using detected unconformitiegs constraints and more accurate

normal vectors, we can better atten seismic images with uniformities.

1 Center for Wave Phenomena, Department of Geophysics, Colorado School dfines
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4.2 Introduction

An unconformity is a non-depositional or erosional surfacegarating older strata below
from younger strata above, and thus represents a signi cagfap in rock record (Vail et al.,
1977). Unconformity extraction from seismic images is imptamt for seismic stratigraphic
interpretation, because unconformities represent discimuities in otherwise continuous de-
posits and hence serve as boundaries when interpretisgismic sequenceshat represent
successively deposited layers.

In addition, the detected unconformities can be applied asonstraints to improve a
structure-tensor method (Fehmers and Hecker, 2003; Van Viieand Verbeek, 1995) for
more accurately estimating normal vectors of seismic re tars at unconformites with multi-
oriented structures, and improve a seismic image atteningnethod (Lomask et al., 2006;
Luo and Hale, 2013; Parks, 2010; Wu and Hale, 2015b) to more a@tely atten re ectors

at unconformities with geologic age gaps.
4.2.1 Unconformity detection

Seismic coherence (Bahorich and Farmer, 1995), highlights ector discontinuities, is
commonly used to detect faults, channel edges, and otherdaal changes in waveform. Al-
though sensitive to unconformities, coherence verticallymears the response over the com-
putation window and unconformities usually appear as vextal changes in waveform. Barnes
et al. (2000) and Hoek et al. (2010) propose an unconformity tabute that measures the
degree of seismic re ector convergence (or divergence)dahereby highlights the termina-
tion areas of an unconformity. Smythe et al. (2004) introdue a SPICE (spectral image of
correlative events) attribute to obtain stratigraphic details by highlighting discontinuities in
band-limited seismic data. All of these methods process a smic image locally (Ringdal,
2012) to compute unconformity attributes that can highliglh an unconformity within its
termination area, but cannot detect its corresponding patkel unconformities or correlative

conformities.
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Ringdal (2012) proposes a global method that rst extracts 2D ow eld that is every-
where tangent to re ectors in a 2D seismic image. Then the oweld is used to compute an
unconformity probability image by repeating the followingprocessing for each sample: (1)
four seeds are rst placed at the four neighbors of the samplethe 2D ow eld; (2) the four
seeds then move along the ow eld to produce trajectories;3) the separation rate of the
trajectories is calculated and (4) this separation is conkied to an unconformity probability
for that sample. The advantage of this method is that it can dect a parallel unconformity
or correlative conformity by using long trajectories that gtend from the parallel unconfor-
mity or correlative conformity to the corresponding angulaunconformity. The disadvantage
is that, to detect such a correlative conformity or parallelinconformity, the trajectories are
required to start from the parallel area (parallel unconfanity highlighted by the blue ellipse
in Figure 1a) and end in the non-parallel area (termination Ighlighted by the green ellipse
in Figure 1a). Another disadvantage is the trajectory extragbn along a ow eld applies
only for 2D images. For 3D seismic images, this method proses inline and crossline slices

separately throughout the volume to compute an unconformytprobability volume.
4.2.2 Seismic normal vector estimation at unconformities

Orientation vector elds, such as vectors normal to or slopeof seismic re ectors, are
useful for seismic interpretation. For example, estimatedrientation information is used to
control slope-based (Fomel, 2002) and structure-orientdéfehmers and Hecker, 2003; Hale,
2009) lters so that they smooth along re ectors to enhanceheir coherencies. Seismic
normal vectors or slopes are also used to track horizons (deo@t et al., 2010) and to atten
(Lomask et al., 2006; Parks, 2010) or unfold (Luo and Hale, 2018eismic images, or to
generate horizon volumes (Wu and Hale, 2015b).

Structure tensors (Fehmers and Hecker, 2003; Van Vliet and Yieeek, 1995) or plane-
wave destruction Iter (Fomel, 2002) have been proposed tsmate seismic normal vectors
or slopes. These methods can accurately estimate orientati vectors for structures with

only one locally dominant orientation. This means that theycan correctly estimate the
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normal vectors (or slopes) of the re ectors in conformabler@as of a seismic image, but for
an angular unconformity where two di erent structures meetthese methods yield smoothed

vectors that represent averages of orientations across thaconformity.
4.2.3 Seismic image attening at unconformities

Seismic image attening (Lomask et al.,, 2006; Parks, 2010; Wand Hale, 2015b) or
unfolding (Luo and Hale, 2013) methods are applied to a seigmimage to obtain a attened
image in which all seismic re ectors are horizontal. From sih a attened seismic image, all
seismic horizons can be identi ed by simply slicing horizaally.

Extracting horizons terminated by faults or unconformities is generally di cult for these
methods. Luo and Hale (2013) extract horizons across faulty lrst unfaulting a seismic
image; Wu and Hale (2015b) do the same by placing control pogbn opposite sides of faults.
However, none of these methods correctly attens a seismicage with unconformities, which
should produce gaps in the attened image. Wu and Zhong (2042) atten a seismic image
with unconformities by using a relative geologic time (RGT)yolume generated with a phase
unwrapping method, but all the unconformities in the seisnsiimage have to be manually

interpreted to constrain the phase unwrapping.
4.2.4 This paper

In this paper, we rst propose a method to automatically detet an unconformity, com-
plete with its termination area and corresponding paralleinconformities or correlative con-
formities. We then estimate seismic normal vectors at unct@rmities by using the detected
unconformities as constraints. Finally, we atten seismicmages containing unconformi-
ties by using these estimated seismic normal vectors and stmaints derived from detected

unconformities.
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4.3 Unconformity detection

In manual 3D seismic stratigraphic interpretation, an uncoformity is rst recognized as
a boundary at which seismic re ectors terminate by truncatin, toplap, onlap, or downlap,
and then is traced into parallel re ections either downdip ¢ its correlative conformity, or
updip into topsets. Therefore, to obtain a complete unconfmity, an automatic method
should be able to detect both the termination areas (greenliplse in Figure 4.1a) and parallel
unconformities (blue ellipse in Figure 4.1a) or correlativeonformities corresponding to the

unconformity.

a)

© Termination
Parallel unconformity %

b)

Figure 4.1: A 2D synthetic seismic image (a) with an unconfority (red curve) that is man-
ually interpreted from the termination area to its correspading parallel unconformity. The
estimated seismic normal vectors (red segments in (b)) arensothed within the termina-
tion area, and therefore are incorrect, compared to the truseismic normal vectors (cyan
segments in (b)) that are discontinuous within that area.

We propose an unconformity attribute that measures di erenes between two seismic
normal vector elds computed from two structure-tensor etls. The rst structure tensor
eld is computed using a vertically causal smoothing Iter. The second one is computed
using a vertically anti-causal smoothing lIter. This attribute can detect an unconformity
by highlighting both its termination areas and its correspnding parallel unconformities or

correlative conformities.
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4.3.1 Structure tensor

The structure tensor (Fehmers and Hecker, 2003; Van Vliet an¥erbeek, 1995) can be
used to estimate seismic normal vectors that are perpendiauto seismic re ectors. For a
2D image, the structure tensofT for each sample is a 2 2 symmetric positive-semide nite

matrix constructed as the smoothed outer product of image adients:

_ >, _ hhthiny iGiny .
T = Y= i v 4.1
hgg”in MhQiny  MLGiny (4.1)

whereg = [g; @2]” represents the image gradient vector computed for each ineagample;
hiy, represents smoothing for each outer-product element in Bothorizontal (subscript
h) and vertical (subscriptv) directions. These horizontal and vertical smoothing ltes are
implemented with 1-D recursive Gaussian lters (Hale, 2006yith corresponding half-widths
hand .
As shown by Fehmers and Hecker (2003), the seismic normal vector each image sample

can be estimated from the eigen-decomposition of the struce tensorT :
T= ,uu”+ w7, (4.2)

whereu and v are unit eigenvectors corresponding to eigenvalueg and , of T.
We choose v, SO that the eigenvectowu, which corresponds to the largest eigenvalue
u, indicates the direction of highest change in image amplitie, and therefore is perpen-
dicular to locally linear features in an image, while the oltogonal eigenvectowr indicates
the direction that is parallel to such features. In other wais, the eigenvectou is the seis-
mic normal vector that is perpendicular to seismic re ecta in a seismic image, and the

eigenvectorv is parallel to the re ectors.
4.3.2 Smoothing

The structure tensorT given in equation 4.1 can be used to accurately estimate thechl
orientation of structures in an image where there is only onlecally dominant orientation

present. However, for multi-oriented structures such as amaonformity where seismic re ec-
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tors terminate (green ellipse in Figure 4.1a), this structwe tensor provides a local average of
the orientations of structures. The seismic normal vectofsnagenta segments in Figure 4.1b)
estimated fromT are smoothed near the termination area, whereas the true moal vectors
(cyan segments in Figure 4.1b) are discontinuous across theconformity.

At an unconformity where seismic re ectors terminate (gree ellipse in Figure 4.1a),
structures of re ectors above the unconformity are di erehfrom those of re ectors below.
Therefore, if we compute structure tensors using verticgllcausal smoothing lters, which
average structures from above, we will obtain normal vectsrat the unconformity that are
di erent from those obtained using vertical anti-causal kers, which average structures from
below.

With a vertically causal lter, the structure tensor computed for each sample represents

structures averaged using only samples above. We de ne swulstructure tensor as

— mlgli h;vc rglgzi h;ve .
T.= S T 4.3
¢ M1 Ginve POl hive (4.3)

whereh i, represents horizontal Gaussian (subscript) and vertically causal (subscriptvc)
smoothing lIters.

With a vertically anti-causal lter, the structure tensor computed for each sample rep-
resents structures averaged using only samples below. Wendgesuch a structure tensor

as

- I’glgli h;va mngi hyva .
Ta= L o 4.4
2 hiGihva M2Ginyva (4.4)

where the subscriptva denotes a vertically anti-causal smoothing lter.
4.3.3 \Vertical smoothing

To compute two structure-tensor elds that di er signi cantly at an unconformity, the
causal smoothing lter that averages from above should smthoalong the direction perpen-
dicular to the structures above the unconformity, while theanti-causal Iter should smooth

along the direction perpendicular to the structures belowhe unconformity. Here, we sim-
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ply use vertically causal and anti-causal Iters because wonformities tend to be close to
horizontal in seismic images. We implement these two Itersvith one-sided exponential
smoothing Iters, which are e cient and trivial to implement.

A one-sided causal exponential Iter for input and output squences[i] andy[i] with

lengths n can be implemented in C++ (or Java) as follows:
float b = 1.0f-a;

float yi = y[0] = X[O];
for (int i=1; i<n; ++i)

ylil = yi = a*yi+b*x[i];
Similarly, a one-sided anti-causal exponential Iter can & implemented as follows:
float b = 1.0f-a;

float yi = y[n-1] = x[n-1];
for (int i=n-2; i>=0; --i)

yli] = yi = a*yi+b*x]i];
The parametera in these two one-sided exponential Iters controls the exte of smooth-

ing. In all examples, we us@=0.8, which for low frequencies approximates a half Gaussian
Iter with half-width = 6 samples.

From structure-tensor elds T and T , computed for the same seismic image using ver-
tically causal and anti-causal smoothing lters, respectely, we estimate two seismic normal
vector elds u. and u,. As shown in Figure 4.2a, the two seismic normal vector elds,
(green segments in Figure 4.2a) and, (yellow segments in Figure 4.2a) are identical in
conformable areas with parallel seismic re ectors, becausrientation of structures locally
averaged from above (used to compufB,) are identical to orientation of structures averaged
from below (used to computeTl ;). However, at the termination area of an unconformity,
the two vector elds are di erent because the structure tengrs T . computed with structures
locally averaged from above should be di erent fronT ; computed with structures locally

averaged from below.
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Therefore, as shown in Figure 4.2a, the di erence between isated normal vector elds
u. and u, provides a good indication of the termination area of an unaformity. However,
a complete unconformity, that is, a curve (in 2D) or surfaceif 3D) with geologic age gaps,
extends from its termination area updip or downdip into parbel re ectors. Thus we should
extend normal vector di erences from the termination areawhere these di erences originate,

into the corresponding parallel unconformity or correlatie conformity.
4.3.4 Structure-oriented smoothing

To detect a correlative conformity or parallel unconformig, we extend vector di erences
(betweenu, and u,) at an unconformity from its termination area to its correldive con-
formity or parallel unconformity, by replacing the horizonal Gaussian smoothing Iter in
equations 4.3 and 4.4 with a structure-oriented smoothindter (Hale, 2009) when computing
structure tensors.

Then, the structure tensorsT s and T .5, computed with a laterally structure-oriented

Iter and vertically causal and anti-causal lters, are de ned by

— mlgli S;vC I«glgzi s;ve .
Tec= S Sve 45
S mlgﬂ S;vC rgZQZ' s;vC ( )

and

- I’glgli s;va m192i s,va .
Tsa= L e 4.6
*a I‘gng| s;va h}]zgzl s;va ( )

where the subscripts represents a structure-oriented lter that smoothes alonge ectors
in a seismic image. Note that the structure-oriented smoothg is generally more expensive
than the vertically causal and anti-causal smoothing. We #refore rst apply the structure-
oriented smoothing lter to each element ofgg” to obtain Ts = hgg”is, which then is
smoothed separately by vertically causal and anti-causallters to obtain Ts. and Ts.,,
respectively. By doing this, we apply the relatively expemge structure-oriented smoothing
only once. However, if we rst apply the vertically causal andanti-causal smoothing to

compute the two di erently smoothed outer productshgg”i. and hgg”i,, we then need to

64



apply the structure-oriented smoothing twice to obtain twostructure-tensor elds T .. and
T sa.

As discussed by Hale (2009, 2011), to obtain a smoothed outpotageq(x) from an input
p(x), the structure-oriented smoothing method solves a nitadi erence approximation to the

following partial di erential equation:

2

ax) -1 D) roax)= px); (4.7)

where D (x) is a di usion-tensor eld that shares the eigenvectors ofhe structure tensor
computed from an image, and therefore orients the smoothiragong image structures. Sim-
ilar to the half-width  in a Gaussian smoothing lter, the parameter controls the extent
of smoothing.

In 2D, we use the eigenvectorsi(x) and v(x), estimated using the structure tensors

shown in equation 4.1, to construct our di usion-tensor el
D(x) = u(x)ux)u”(x)+ v(X)v(x)v”(x): (4.8)

Then, because eigenvectons(x) and v(x) are perpendicular and parallel to seismic re ec-
tors, respectively, we can control the structure-orientedter to smooth along re ectors by
setting the corresponding eigenvalues,(x) = 0 and (x) = 1 for all tensors in D(x). In
3D, a structure tensorT for each image sample is a 3 3 matrix, from which the eigen-
decomposition provides 3 eigenvectons, v and w, where u is orthogonal to locally pla-
nar features, bothv and w lie within the planes of any locally planar features. We then
construct the structure-oriented di usion-tensor eld in 3D asD(x) = (X)u(x)u”(x) +
vOOV(X)VZ (X)) +  w(X)w(X)w” (x), and set ,(x)=0and ,(x)= y(X)=1 so thatthe
Iter di uses or smoothes image features along structures.

As indicated by the seismic normal vectors shown in Figure 4.lbormal vectors (magenta
segments) estimated using the structure tensors computed equation 4.1 are inaccurate
at unconformities. However, they are accurate in conformablareas, including the area

near the parallel unconformity. Thus the structure tensorsn equation 4.1 are adequate for
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constructing di usion-tensorsD (x) for structure-oriented smoothing along seismic re ectar,
including those near the parallel unconformity and correteve conformity corresponding to
an unconformity. As discussed in Hale (2009), using structwaiented di usion tensors
D (x) for the smoothing lIter in equation 4.7, the smoothing- Iter weights are largest along
curvilinear trajectories that coincide with image structues, which means that the lter
di uses or extends image values from high to low along structes. Therefore, by applying
such a structure-oriented Iter to the elements of the struture tensors T and T4, the
structure-oriented smoothing- Iter weights extend strutural di erences, originating within
the termination area of an unconformity, into the correspoding parallel unconformity and
correlative conformity. Because in equation 4.7 controls the extend of smoothing, to detect
parallel unconformities or correlative conformities thatextend long away from an angular
unconformity, we need use a large. In practice, we use = n, for 2D and = max(ny;ny)
for 3D, wheren, and ny are the number of samples in the horizontal dimensions of amput

seismic image.

a)

Horizontal Gaussian

b)
Structure-oriented

Figure 4.2: Two di erent seismic normal vector elds estimag¢d using structure tensors com-
puted with vertically causal (green segments) and anti-caal (yellow segments) smoothing
Iters. In (a), the vector elds di er only within the termin ation area of the unconformity;
in (b), these vector di erences are extended to the paralleinconformity.
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As shown in Figure 4.2, using structure tensor$ . and T, computed with a horizontal
Gaussian lIter and vertically causal and anti-causal ltess, the estimated seismic normal
vectors u. (green segments in Figure 4.2a) and, (yellow segments in Figure 4.2a) dier
only within the termination area of the unconformity. Using $ructure tensors T, and
Ts.a computed with a structure-oriented smoothing Iter instea of a horizontal Gaussian
Iter, the di erences between the estimated seismic normaectors us.. (green segments in
Figure 4.2b) andus., (yellow segments in Figure 4.2b) are extended from the ternation
area to the parallel unconformity.

In summary, by rst applying a structure-oriented Iter to e ach structure-tensor element
of gg”, we extend any structure di erences, which originate withi the termination area
of an unconformity, to its corresponding parallel unconfonity and correlative conformity.
Then, applying vertically causal and anti-causal Iters fo each structure-tensor element, we
compute two di erent structure-tensor elds T . and T ¢, with seismic normal vector elds
Us.c and ug, that di er within both the termination area and the corresponding correlative
conformity and parallel unconformity. Finally, the di erences between the two estimated
vector elds ug. andus., can be used as an unconformity attribute that highlights thengular

unconformity and its corresponding parallel unconformiéis or correlative conformities.
4.3.5 Unconformity likelihood

As shown in Figure 4.2b, the vectorsis (green segments) ands., (yellow segments) are
identical everywhere except at the unconformity, includig its termination area and parallel
unconformity. Therefore, we de ne anunconformity likelihood attribute g, that evaluates

the di erences betweerug. and us.,, to highlight unconformities:
g 1 (usc Usa) (4.9)

The powerp (p > 1) is used to increase the contrast between samples with lowdahigh

unconformity likelihoods.
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a)

b)

Termination

Parallel unconformity %

Figure 4.3: Unconformity likelihoods, an attribute that evaliates di erences between two
estimated seismic normal vector elds (yellow and green segnts in Figure 4.2b), before (a)
and after (b) thinning highlight both the termination area and parallel unconformity.

a) b)

Figure 4.4: Unconformity likelihoods before (a) and after (bjhinning.

Using a process similar to that used by Hale (2013b) for extranty ridges of fault likeli-
hoods, we extract ridges of unconformity likelihood by simip scanning each vertical column
of the unconformity likelihood image (Figure 4.3a), preseing only local maxima, and setting
unconformity likelihoods elsewhere to zero. Figure 4.3b sk that ridges of unconformity
likelihood coincide with the unconformity that appears in he synthetic seismic image.

For a 3D seismic image, following the same process as abowecampute an unconformity-
likelihood volume as shown in Figure 4.5, which correctly hidjights two apparent unconfor-
mities. In the time slices of unconformity likelihoods befe and after thinning, we observe

that samples in the lower-left and upper-right areas, sepated by high unconformity like-
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a)

b)

Unconformity
surfaces

Figure 4.5: Unconformity likelihoods before (a) and after (bjhinning. Thinned unconfor-
mity likelihoods form unconformity surfaces as shown in thop-right panel in (b).
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lihoods, suggest di erent seismic facies. This indicateddt they belong to two di erent
depositional sequences that have di erent geologic ages.

From ridges of unconformity likelihoods (Figure 4.5b), we carect adjacent samples with
high unconformity likelihoods to form unconformity surfaes as shown in upper-right panel

of Figure 4.5b.
4.4  Applications

We rst use unconformity likelihoods as constraints to moreccurately estimate seismic
normal vectors at unconformities. Then, by using more accate normal vectors and un-
conformity likelihoods as constraints in our seismic imagattening method, we are able to

better atten an image containing unconformitities.
4.4.1 Estimation of seismic normal vectors at unconformities

Using structure tensors computed with horizontal and vertial Gaussian Iters as shown in
equation 4.1, we nd smoothed seismic normal vectors (magarsegments in Figure 4.1b) in
the termination area, because discontinuous structuresrass the unconformity are smoothed
by symmetric Gaussian lters. Therefore, to obtain correchormal vectors (cyan segments
in Figure 4.1b) that are discontinuous in the termination ara, we must use more appropriate
lters to compute structure tensors.

To preserve structure discontinuities, we compute the staiure tensors using horizontal

and vertical lters that do not smooth across unconformitis:

— mlgli sh;sv mlgzi sh;sv .
T = . Sh;  Shisv- 4.10
|'gngI sh;sv ngz' sh;sv ( )

where theh ign.sy represent horizontal (subscriptsh) and vertical (subscript sv) lters that
vary spatially, and for which the extent of smoothing is conblled by the thinned unconfor-
mity likelihoods.

The horizontal and vertical Iters are similar to the edge-peserving smoothing Iter

discussed in Hale (2011):
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2

ax) ST A(x) 1 gx) = p(x): (4.11)

We computec(x) =1 g(x) to prevent this Iter from smoothing across unconformities.
a:(x) is a thinned unconformity likelihood image as shown in Figer 4.4b, which has large

values (close to 1) only at unconformities, and zeros elsewde

a) b) ©)

uz

d) e) f)

uz

Figure 4.6: Vertical (u;) and horizontal (u,) components of the true (a, d) normal vectors
of the synthetic image (Figure 4.1a), the estimated normal vears (c, f) with the detected

unconformity (Figure 4.3b) as constraints are more accuratian those (b, e) without con-

straints.

Figures 4.6a and 4.6d show vertical and horizontal componentf the true normal vectors
for the synthetic image shown in Figure 4.1a. We observe thabth the two components are
discontinuous at the unconformity. However, using the conméonal structure-tensor method
as in equation 4.1, the two components (Figures 4.6b and 4.6a&f) the estimated seismic
normal vectors are smooth and therefore are inaccurate atehunconformity. Using the
improved structure-tensor method constrained by the uncdormity likelihoods (Figure 4.3)
as in equation 4.10, the estimated seismic normal vectorsosim in Figures 4.6¢ and 4.6f are
almost the same as the true ones shown in Figures 4.6a and 4.6d.

Figure 4.7 shows seismic normal vectors estimated for the igeawith two unconformities
shown in Figure 4.4. Both the vertical (Figure 4.7a) and horizgal (Figure 4.7c) components
of seismic normal vectors, estimated from structure tensorcomputed as in equation 4.1,

are smooth at the unconformities; those estimated from stecture tensors computed as in
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equation 4.10 preserve discontinuities at unconformitiggigures 4.7b and 4.7d).

a) b)

uz

c) d)

u2

Figure 4.7: From the seismic image as shown in Figure 4.4, theti@al (u;) and horizontal
(up) components of seismic normal vectors estimated using stture tensors computed with
(b, d) and without (a, ¢) unconformity constraints.

4.4.2 Seismic image attening at unconformities

Seismic normal vectors or slopes can be used to atten (Lonkast al., 2006; Parks, 2010)
or unfold (Luo and Hale, 2013) a seismic image to generate a izon volume (Wu and Hale,
2015b), that allows for the extraction of all seismic horiats in the image. However, nei-
ther of these methods correctly atten seismic images withnconformities for two reasons.
Firstly, estimated seismic normal vectors or slopes of seigme ectors are inaccurate at un-
conformities with multi-oriented structures. Second, semic re ectors or horizons terminate
at unconformities that represent geologic age gaps.

In this paper we have proposed methods to automatically deteunconformities and
more accurately estimate seismic normal vectors at unconfaties. Therefore, we can easily
extend the attening method described in Wu and Hale (2015b)o better atten a seismic
image at unconformities, by using seismic normal vectorstiesated from structure tensors
computed with equation 4.10, and by incorporating constrats derived from unconformity

likelihoods into the attening method. We incorporate uncoformity constraints in our
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attening method by weighting the equations for attening using unconformity likelihoods,
and then using the unconformity likelihoods to construct a geconditioner in the conjugate

gradient method used to solve those equations.
4.4.3 Weighting

To generate a horizon volume or to atten a seismic image, west solve for vertical

shifts s(x;y; z) as discussed in Wu and Hale (2015b):

3 2 3
w( & Pg).  wp

§w< g q%:é gwq% (4.12)

g :
wherep(x; y; z) and q(x;y; z) are inline and crossline re ector slopes computed from seiic
normal vectors;w(X;y; z) represent weights for the equations; and the third equatio %; 0,
scaled by a small constant, is used to reduce rapid vertical variations in the shifts.

For a seismic image with unconformities, we incorporate cstmaints derived from uncon-
formity likelihoods into the equations 4.12 by settingv(x;y;z) =1  g(X;y;z) and we use

a spatially variant (x;y;z) instead of a constant value:
(xy;2)= ol a(xy;2); (4.13)

where ¢ is a small constant number (we use, = 0:01 for all examples in this paper), and
a(x;y; z) denotes the thinned unconformity likelihoods, such as tlse shown in Figure 4.5b.
This spatially variant (x;y;z), with smaller values (nearly 0) at unconformities, helpsa

generate more reasonable shifts with gradual variationsexywhere except at unconformities.
4.4.4 Preconditioner

As discussed in Wu and Hale (2015b), to obtain the shifts(x;y;z) in equation 4.12
for a 3D seismic image withN samples, we solve its corresponding least-squares problem

expressed in a matrix form:

(WG )”WGs = (WG )”Wv ; (4.14)
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wheresis anN 1 vector containing the unknown shiftss(x;y;z), G isa 3N N sparse
matrix representing nite-di erence approximations of patial derivatives, W isa 3N 3N
diagonal matrix containing weightsw(x;y;z) and (x;y;z), andv isa 3 1 vector with
2N slopesp and g, and N zeros.

Because the matrix WG )> WG is symmetric positive-semide nite, we can solve the
linear system of equation 4.14 using the preconditioned gagate gradient method, with a

preconditionerM ! as in Wu and Hale (2015b):
M '=S5:S,S;S, S Sy (4.15)

whereS,; S, and S, are lIters that smooth in the x; y and z directions, respectively.
For a seismic image with unconformities, the ltersS,; S, and S, are spatially variant
Iters designed as in equation 4.11, to preserve discontiities in shifts s(x;y; z) at uncon-

formities.

c) d)

Figure 4.8: RGT (a) and attened (c) images generated with inecurate seismic normal
vectors (Figures 4.7a and 4.7c) and without unconformity catraints. Improved RGT (b)
and attened (d) images with more accurate seismic normal eeors (Figures 4.7b and 4.7d)
and constraints from unconformity likelihoods (Figure 4.4)
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a)

b)

Figure 4.9: Generated RGT volume (a) and attened (b) 3D seisio image. Discontinuities
in the RGT volume correspond to vertical gaps or hiatuses (@hk areas in (b)) in the
attened image at unconformities.
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445 Results

With the computed shifts s(x;y;z), we rst generate an RGT volume (X;y;z) = z +
s(x;y;z) (Figures 4.8a and 4.9a). We then use the RGT volume to map a smiic image
f(x;y;z) (Figures 4.4 or 4.5) in the depth-space domain to a attenedmage f(x;y; )
(Figures 4.8b or 4.9b) in the RGT-space domain.

From the 2D example shown in Figure 4.8, the RGT (Figure 4.8a) an attened (Fig-
ure 4.8c) images, generated with inaccurate seismic normagctors (Figure 4.7a and 4.7c)
and without unconformity constraints, are incorrect at unonformities, where we expect dis-
continuities in the RGT image and corresponding gaps in theattened image. With more
accurate seismic normal vectors (Figure 4.7b and 4.7d) andtiwiconstraints derived from
unconformity likelihoods (Figure 4.4), we obtain an improveé RGT image (Figure 4.8b) with
discontinuities at unconformities. Using this RGT image, webtain an improved attened
image (Figure 4.8d), in which seismic re ectors are horizoally attened and unconformities
appear as vertical gaps.

Figure 4.9 shows a 3D example with two unconformity surfacebkighlighted by uncon-
formity likelihoods in Figure 4.5. Using the two unconformitysurfaces as constraints, we
compute a reasonable RGT volume (Figure 4.9a) with obviousstiontinuities at unconfor-
mities. We then use this RGT volume to compute a attened imag or 3D seismic Wheeler
volume (Figure 4.9b), in which the unconformities are represted as vertical gaps or hia-
tuses and all seismic re ectors are attened. The time slicef an RGT image shows large
RGT variations between samples in the lower-left and uppeight areas that are separated
by an unconformity. This indicates that the sediments, re@sented by the samples in the two
di erent areas, are deposited in two di erent sedimentary equences occurring at di erent

geologic ages.
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45 Conclusion

We have proposed a method to obtain an unconformity likelitad attribute from the dif-
ferences between two seismic normal vector elds estimatédm two structure-tensor elds,
one is computed using a vertically causal smoothing lIter,rad the other using a vertically
anti-causal lter. From a seismic image, we rst compute smathed outer products of image
gradients by applying a structure-oriented smoothing Ite to each element of these outer
products. These smoothed outer products are then smootheding vertically causal and
anti-causal Iters to compute two di erent structure-tensor elds, and their corresponding
normal vector elds.

Using structure-oriented smoothing lters for the outer pralucts, we extend structure
variations from a termination area to the corresponding patlel unconformity and correlative
conformity. In doing this, we assume that the correlative adormity or parallel unconformity
is not dislocated by faults. If faults appear in the seismignage, we could perform unfaulting
(Luo and Hale, 2013) before attempting to detect unconformigs.

We use separate vertically causal and anti-causal Iters tobtain structure tensors that
di er at unconformities. Unconformity likelihoods might be further improved by instead
using causal and anti-causal Iters that smooth in directias orthogonal to unconformities.

As examples of applications, we have shown how to estimate raoaccurate seismic
normal vectors and better atten seismic re ectors at uncoformities by using unconformity

likelihoods as constraints.
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CHAPTER 5
HORIZON VOLUMES WITH CONSTRAINTS

Modi ed from a paper published inGeophysics2015, 80 (2), IM21-IM33

Xinming Wu?! and Dave Halé
5.1 Summary

Horizons are geologically signi cant surfaces that can be teacted from seismic images.
Color-coding of horizons based on amplitude or other attriies can help reveal ancient
sedimentary environments and structural features. Extrded horizons are also used for
building structure models and stratigraphic interpretatons. We propose two methods for
constructing seismic horizons aligned with re ectors in al3 seismic image. The rst method
generates horizons one at a time; the second generates anrentolume of horizons at once
by rst computing a relative geologic time volume from seisia normal vectors. Rather
than gradually building a horizon by extending one or more sé points to a surface along
seismic re ectors, both of our methods generate whole hasizs at once by solving partial
di erential equations derived from seismic normal vectorsThe most signi cant new aspect
of both methods is the ability to specify, perhaps interactely during interpretation, a small
number of control points that may be scattered throughout a B seismic image. Examples
show that with our method control points enable the extractn of more accurate horizons
from seismic images in which noise, unconformities, and feuare apparent. These points
represent constraints that we implement simply as precortéiners in the conjugate gradient

method used to construct horizons.

1 Center for Wave Phenomena, Department of Geophysics, Colorado School dfines
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5.2 Introduction

In seismic interpretation, by visually tracking or automatcally extracting surfaces through-
out a 3D seismic image along consistent seismic waveformstsas peaks, troughs, or zero-
crossing points, and to a lesser extent, relatively constaphase, we are able to identify
seismic horizons. These horizons are assumed to corresptmdtratal surfaces which are
primary beddings or ancient depositional surfaces that argeologically synchronous (Vail
et al.,, 1977). Color-coding of horizons based on amplitude other attributes can help re-
veal ancient depositional environments and geomorphic teees (Posamentier et al., 2007).
Therefore, extracting horizons from seismic images is a coron and important problem for

seismic interpretation.
5.2.1 Horizon volume

Zeng et al. (1998b) rst presented the concept of a \stratalime model" and generated
such a model with a limited number of interpreted horizons ah therefore with limited
resolution. A \horizon cube" (de Groot et al.,, 2010; Qayyum tal., 2012) is a volume
containing a dense set of stratigraphic surfaces (Brouwet &., 2011), which is similar to a
\stratal time model" if the surfaces are displayed in geolag time and space domain. Clark
et al. (2010a,b) generated a high resolution stratal time nael, but called it a \horizon
volume", by using seismic dips estimated from a seismic imagWe also prefer to use the
term \horizon volume" instead of \stratal time model", because we also compute a high
resolution result (Figure 5.1c) from a high resolution relate geologic time (RGT) volume
(Figure 5.1b). The RGT volume is computed fronseismic normal vectorswhich are, similar
to seismic dips, estimated from a seismic image (Figure 5.1a) horizon volumet(x;y; )
(Figure 5.1c) contains the seismic travel time locatioh of horizons as a function of RGT
and horizontal spatial coordinatesx and y. Therefore, a horizon volume (Figure 5.1c) can
be used to atten re ectors (Figure 5.1d) or to access all hazons at once. Horizontally

slicing a horizon volume yields a travel time structure mapfaa horizon corresponding to a
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Figure 5.1: From a seismic image (a), an RGT volume (b) is compmd and then converted
to a horizon volume (c) that maps the seismic image to a atteed image (d).

constant RGT

The concept of an \RGT volume”, rst presented by Stark (2003 2004, 2005), is closely
related to the \horizon volume". An RGT volume (x;y;t) (Figure 5.1b) contains RGT
as a function of spatial coordinatex, y and seismic travel timet. A surface of constant in
an RGT volume corresponds to a seismic horizon (Stark, 2003)05). The only di erence

between an RGT volume and its corresponding seismic imagethst the value of a sample

in an RGT volume represents geologic time rather than seiscnamplitude (Stark, 2005).
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Given an RGT volume (x;y;t) with monotonically increasing with vertical travel time
t, a horizon volumet(x;y; ) can be easily obtained via an inverse linear interpolatiomethod
(Parks, 2010) or by a time-warping technique (Burnett and Fmel, 2009). In practice, we
use both volumes to conveniently access horizons. An RGT wuaote, with axes identical to
a seismic image, is rst used to look up the RGT value for a horizon we wish to extract.
A horizon volume is then used to directly obtain the spatial @ordinates for the horizon by
simply horizontally slicing the horizon volume for that . As we compute an RGT value
for every seismic sample, we can extract a horizon at each gdenin a seismic image, and

therefore obtain all seismic horizons represented in a sais image.

5.2.2 Previous methods

Methods for obtaining a horizon volume can be generally ckEi®d into three categories.
The rst is stratal slicing (Zeng et al., 1998a,b), which use several reference horizons to
interpolate a stratal time model or horizon volume. With a limted number of horizons for
control, the interpolated horizon volume can follow largecale features but usually cannot
resolve local features (Lomask et al., 2011).

The second category of methods uses seismic re ector dipsiffrel, 2010; Karimi and
Fomel, 2011; Lomask et al., 2006; Parks, 2010) or, similarlyeismic normal vectors, com-
puted for every image sample to be perpendicular to seismimplitude re ectors. In these
methods, a horizon volume is explicitly (Lomask et al., 2006r implicitly (Fomel, 2010;
Karimi and Fomel, 2011; Luo and Hale, 2013; Parks, 2010) geatsd to map a seismic
image from the travel time-space domain to a attened imagenithe RGT-space domain.
Horizon volumes generated by these methods are more accurfiterevealing local features
than those interpolated from several horizons using the tscategory of methods.

The third category is similar to the second one in that these athods also compute high
resolution horizon volumes, but without use of dips or normavectors. Instead, they use an
RGT volume generated by unwrapping a corresponding seisnmitstantaneous phase image

(Stark, 2003, 2004, 2005; Wu and Zhong, 2012a).
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5.2.3 Proposed methods

We rst describe a method for extracting single horizons, anat a time, by using precom-
puted seismic normal vectors which are perpendicular to seiic amplitude re ectors. This
method requires at least one control point to indicate the h@@on (containing this point)
that we want to extract and to initialize a horizontal surfae passing through this point.
The initial surface is typically inconsistent with the desied horizon, but it is iteratively de-
formed until vectors normal to the surface are aligned withactors normal to a re ector in
the seismic image. We extend this method to permit additiodnaontrol points, which enable
reliable extraction of a sequence boundary or a horizon cohmated by faults or noise.

We then introduce a second method that generates a completertzon volume constrained
by one or more sets of control points, where each set contamsre than one control points.
To generate a horizon volume (Figure 5.1c), we rst use seistmormal vectors to compute
an RGT volume (Figure 5.1b), from which a horizon volume is the interpolated. This
process is similar to Parks's (2010) method for attening aessmic image, but we instead
derive the method in a simpler way. Furthermore, similar to he way in which we extract
a more accurate single horizon using control points, we useultiple sets of control points
to generate a more accurate horizon volume from a seismic geacomplicated by faults or
noise. Each set of control points belongs to a single horizaith an unspeci ed RGT value,
and is easily speci ed by simply selecting points that we warno lie on the same horizon.
We implement these constraints with simple preconditionsrin the conjugate gradient (CG)

algorithm we use to compute the RGT and horizon volumes.
5.3 Extracting a single horizon

To extract or construct a single horizon from a 3D seismic ingg, one usually rst picks
a reference point or seed. This seed then grows to a horizomface by manually or auto-

matically tracking seismic re ectors along seismic amplitde peaks or troughs.
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Here, we describe a di erent method that uses at least one cool point to initialize
a complete horizontal surface and then updates that surfade conform to seismic normal
vectors. We then extend this method to enable use of multipontrol points, which improve

both the accuracy and e ciency of horizon extraction.
5.3.1 Horizon extraction without constraints

We rst use structure tensors (Fehmers and Hecker, 2003; Vayliet and Verbeek, 1995)
to compute, for each image sample, a unit (or seismic normalgctor n = [n, ny n]” that
is perpendicular to the seismic amplitude re ector at that ample location. We notate the
unit vectors by time in the vertical dimension, but we considr a seismic image by samples
in both horizontal and vertical dimensions when we estimat#ose normal vectors. We then
assume a single-valued horizon surfate= f (x;y). The surface can be implicitly de ned as
a set of points k;y;t) satisfying

Fy;t)=t f(xy)=0: (5.1)

The de ned function F(x;y;t) is O everywhere, but its gradient vectors are not zero veaet®
and can be represented asF (x;y;t)=[ & %Llr wherekr F(x;y:t)k 1. The unit

@x
vectors perpendicular to the surface are

2 o3
@
_ rFxy;t) _ e’ .
s = KrFOGY DK E @yL (5-2)
1

where = are spatially variant scale factors that makeng unit vectors. Here we

1
kr F(xy;t)k
assume the surface normal vectors always point downward.

We assume a surface that follows a seismic re ector is a hane surface of constant
geologic time, and seismic normal vectors computed from aiseic amplitude image are
unit vectors that are perpendicular to seismic re ectors. Terefore, the seismic horizon we
seek is a surface whose normal vectong must be equal to the seismic normal vectors

at all positions (x;y;t) on the horizon. However, we initially do not know the positias of
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the horizon. To solve this problem, we must iteratively updi@ an initial horizontal surface

f °(x;y), by solving the partial di erential equations
2 3 9 3
ol :

@x nlx !
! %‘iy gn; é : (5.3)
1 n !

Here, f'(x;y) is a surface computed at thei  th iteration; nl 1 = n,(x;y;f" (x;y)),
n, = nyOGy;flHxy), and np b= ni(xy;f! A(x;y)) are the components of seismic
normal vectors at positions on the surface obtained in the ( 1) th iteration.

To start this iterative process, we initialize a horizontalsurfacef °(x;y) (black lines in
Figure 5.2a) passing through a control point (green circle iRigure 5.2a) that is located on
the seismic horizon we want to extract. This initial surfacas then iteratively updated to
align with the seismic horizon. In each iteration, we have' = n! * from the third equation
of equations 5.3, and then substitute ' = n} * into the rst two equations to obtain the

following inverse-gradientproblem (Bienati and Spagnolini, 2001; Farneback et al.,@d7) to

update the surfacef '(x;y):

2 3

ot” 2y
7L 4 s, (5.4)
af qi 1

@y

wherep' *= n} *=n; *andd *= nl *=n 'are re ector slopes in thex andy directions,
respectively. Here, we assume seismic re ectors cannot betieal and seismic normal vectors
always point downward, thenn, > 0. These two equations above should be satis ed for
every sample on the horizon, but it usually helps to weight #se equations by some measure
w(x;y;t) of the quality of the estimated re ector slopes. For examg, as noise is considered
non-planar in general,w(x;y;t) can be a measure of local planarity in the seismic image,

easily computed from structure tensors (Hale, 2009). Then,
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2@_f3 2pi 13
. @x .
W 12@f% w4 15; (5.5)
|
@y q

wherew' 1= w(x;y;f' (x;y)).
Assuming we haveN sampled locations on the horizon surface, we will hav&l2weighted
equations for theN unknownsf '(x;y). For each iteration, we discretize these equations to

obtain the corresponding matrix form
WG  Wv; (5.6)

whereW isa 2N 2N diagonal matrix containing weightsw(x;y;f' 1(x;y)), Gisa2N N
sparse matrix obtained by discretizing partial derivative, v is a 2N 1 vector containing
the seismic re ector slopeg' ! and g ® on the surfacef' %(x;y) obtained in the previous
iteration, and f is anN 1 vector containing surface depth$'(x;y) we want to nd.

We use approximate equalities in equations 5.3, 5.4, 5.5 abd because we compute the

least-squares solution by solving the normal equation of @afion 5.6
(WG )> WG = (WG )>Wv : (5.7)
To simplify this equation, we letA = (WG )>WG and b = (WG )”Wv to obtain
Af = b: (5.8)
Since the matrix A = GW>WG is symmetric positive de nite (SPD), we use the CG
method to solve this linear system.

5.3.2 Preconditioner

To accelerate the convergence of CG iterations, we use the daBb reparameterization
techniquef = Sf (Fomel and Claerbout, 2003; Harlan, 1995; VanDecar and Snexd1994).S
is a simpli cation operator designed to create the desire@étures in the solutionf. Applying

this technique to the system of equation 5.8, we rst solve aew system

S*ASf=S°b (5.9)
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for the new unknownsf and then compute the desired solutioh = Sf. For an appropriate
operator S, the CG method applied to the new system of equation 5.9 comges much faster
than for the original system of equation 5.8.

In e ect, this model reparameterization is equivalent tasplit preconditioning (Saad, 1996)
with left and right preconditionersM | ' = S and M ;' = S. As noted by Saad (1996), this
split preconditioning can be implemented with a left precaditioning matrix M = M | Mg

in a preconditioned CG solution of
M Af =M !b; (5.10)

whereM =SS,

Recall that S is a simpli cation operator used to facilitate desired feaitres in the solution
(Harlan, 1995). Here, we implemen§ as a smoothing operatoS = S,S,, whereS, and S,
are axis-aligned smoothing lIters in thex andy directions, respectively. A horizon surfacé
is often smooth, except at faults. Therefore, ous, and S, are spatially variant smoothing
Iters (Hale, 2009), with the extent of smoothing controllel by a measure of discontinuity
of seismic re ectors. This measure could be planarity (Hal2009) or fault likelihood (Hale,
2013b). Here we use planarity, computed from structure tens) to control the extent of
smoothing inS, and S,.

Now, for each iteration (equation 5.5) that updates the surfze f '(x;y), we solve equa-

tion 5.8 using the preconditioned CG method with preconditiner
M *=SS/S S} (5.11)

In this way, we iteratively update the surfacet = f (x;y) until its normal vectors ng are
aligned with the seismic normal vectorm(x;y;t = f(Xx;y)). The updating iteration is

terminated when the absolute average update of each sampletbe surface is smaller than

(xj3y5) 110y

P it
some small number—=2 N

< ¢, whereN is the number of samples on the

surface, and ; is an arbitrary small number.
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In summary, given an initially horizontal surface (black cwes in Figure 5.2) that is
inconsistent with any seismic re ector, our method iteratvely reduces the di erence between
the normal vectorsng of the surface and the seismic normal vectors(x;y;f (x;y)) on the

surface to obtain a single seismic horizon surface (blue ¢es in Figure 5.2).

Figure 5.2: Seismic sections (a) and subsections (b) that @msect with a sequence boundary.
The initially horizontal surface (black curve) passes thnagh one control point and is updated
iteratively using seismic normal vectors. The dashed greaurve denotes the manually
interpreted sequence boundary.

5.3.3 Results without constraints

In Figure 5.2, using only one control point to indicate which arizon we want to extract,
our method updates the initially horizontal surface to the rore nearly correct seismic horizon
(blue curves in Figure 5.2) after 9 iterations. The extractedurface is well-aligned with the
seismic horizon at conformable areas in the left section ofdgere 5.2a. However, in the
sections shown in Figure 5.2b, this iterative method fails tapdate the horizon surface to
the location of the angular unconformity (green dashed cuevin Figure 5.2b).

Extracting such a sequence boundary or unconformity is an portant but di cult prob-
lem in seismic interpretation. From structure tensors, weafl to correctly estimate the
discontinuous normal vectors at the unconformity and thefflere obtain the incorrect horizon

surface shown in Figure 5.2b. In the next section, we describenethod to more accurately
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extract a sequence boundary using control points.
5.3.4 Horizon extraction with constraints

Near unconformities, faults, or in areas where an image is Bgj estimated seismic normal
vector are not accurate enough to automatically obtain a cogct sequence boundary or
horizon. Therefore, instead of using a fully automatic methd, we might manually interpret
the seismic image to obtain a more geologically reasonabiegface. However, we need not
manually interpret the entire horizon. Using a small numberfocontrol points as constraints,
we solve a constrained least-squares problem to e cientlynal more accurately extract a

sequence boundary or horizon from a noisy or complex seisnmage.
5.3.5 Constrained optimization

As discussed above, in each iteration that updates a horiozarface, we solve a linear
systemAf = b for the vector f that represents the surface. Because the matrix is SPD,
solving this linear system is equivalent to minimizing thedilowing quadratic function of the

vector f:
1 > >
F(f) = Qf Af b~ f: (5.12)

Suppose we have a set ofcontrol points (x;;y;;ti);i = 1;2;:::;n, and we want to extract
a horizon surface that exactly passes through these pointdlith these constraints, we obtain
a constrained optimization problem:
T 1. S
minimizes F(f)= =f"Af b~f;

2 (5.13)
subjectto Cf =1t;

wheret =[ty;t,;:::;t,]” isann 1 column vector, andC isann N (where, again,N is the
number of samples on the surface) sparse matrix with ones dtet positions corresponding
to control points and zeros elsewhere. Assuming we have fousdme solutionf, to the

constraint equationCf o = t, and a matrix Z whose columns form a basis for the null space
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of C so that CZ = 0, then any solutionf of the constraint equationCf = t can be written

as
f="fo+ Zp; (5.14)

wherep isareduced N n) 1 column vector, and agaim is the number of control points.
The control points must be unique to ensure that the matrixC hasn linearly independent
rows andZ hasN n linearly independent columns.

Substituting equation 5.14 into equation 5.12, we obtain augdratic function F (p) with

the reduced vectorp:
1 > S
F(p) = 5(fo+ Zp)"Alfo + Zp)  b”(fo + Zp): (5.15)

Minimizing this quadratic function for the reduced solutiom p is equivalent to solving the

following reduced linear system

Z7AZp = Z7 (b Afy): (5.16)
We can now solve this reduced system to get, and then recover the desired solutiofi by
using equation 5.14.

5.3.6 Constrained preconditioner

Before we can solve equation 5.16, we must nd matriX and vector fy,. Fortunately,
these subproblems are simple. For example, assume we hawedhcontrol points: fo = to,

f,=t,, andfs = t3, thent =[tg t, t3]” and the matrix C is
2 3

10000 0
cC=4001 00 0o (5.17)
00010 0,

We can immediately nd a solution fo = [t Oty t3 0 0" to the constraint equation
Cfo=t.

The columns of matrixZ form a basis of the null space of matrixC, so that CZ = 0. We
generate such a matrixZ from an N N identity matrix, by simply removing any columns

that are identical to rows in the matrix C:
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00 0
10 0
00 0
z=0 0 0 (5.18)
01 0
00

N (N 3)
Given Z and the solutionfy, we are ready to solve the reduced system shown in equatiohé.

Because the matrix2Z” AZ is SPD, we can use the CG method to solve this reduced system.
Many authors (e.g., Dollar, 2005; Gould et al., 2001; Nash arfgbfer, 1996) have discussed
the solution of this system using the preconditioned CG metid, and we use a simple pre-

conditioner P, described in Nash and Sofer (1996):
P,=2"M 'z (z2°AZ) % (5.19)

whereM 1 = SXSys; S; as in equation 5.11, andZ” Z = | since the columns oZ form a

basis. Therefore, our preconditioner for the reduced system
P,=2"S5,S/S, S, Z: (5.20)

In the preconditioned CG method for the reduced system, oneowid compute the initial
residualr, = 2> (b Afy) Z>AZp and the preconditioned residuab, = P,r,.

Instead of solving the reduced system to obtaip and then recovering the desired solution
f, we can instead directly solve fof because we have a relationship between the reduced
and full solutionsf = fo+ Zp. As discussed by Gould et al. (2001), to explicitly perform
the multiplication by Z and the addition of the termfy in the CG method, we may choose
f=1o+2Zp,Z2°r = r, andg = Zg,, so thatg = ZP ,Z”r. This process is equivalent to
applying the preconditioned CG method to the unconstrainetinear systemAf = b, with a

preconditioner

P=2P,2> =27Z°M '2Z” = 227 S,S,S;S; 22" (5.21)
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In practice, we do not explicitly form the matricesA and ZZ~ because the preconditioned
CG method requires only the computation of the residual veot r = b Af and gradient
vectorg = Pr.

It is trivial to compute vector ZZ” x for any N 1 vectorx becauseZZ”> has the form

2 3

0 0O0O0O 0

01000 0

00O0O0O 0
zZ>=g0 0 0 0 O 0 (5.22)

0 0O0O01 0

0 00O0O 1w
Computation of ZZ~ x simply zeros all the elements of with indices corresponding to the
locations of control points.
With the preconditioner P denoted by equation 5.21, the preconditioned gradiemj =
Zg, = ZP,Zr is projected to be in the null space oC. As a result, all updates to the
solution f in this preconditioned CG method will also lie in the null spae ofC. Therefore, as

the initial solution fy satis es the constraintsCf o = t, the solutionf after each CG iteration

also satis esCf = t.
5.3.7 Results with constraints

Where seismic normal vectors estimated from structure tensoare inaccurate (e.g., near
unconformities, faults and noisy data), the use of control gints helps to extract a more
reliable horizon or sequence boundary. As shown in Figure 5vhen we extract a sequence
boundary constrained by only one control point (green cirelin Figure 5.2a), the surface we
extract (blue curves in Figure 5.2) is well aligned with a sasic re ector in the conformable
areas (the left-side section and the left part of the rightide section in Figure 5.2a), where
seismic normal vectors can be estimated accurately. Howeyvéhne surface (blue curves)
extracted at the unconformity (Figure 5.2b) deviates from tle manually interpreted sur-
face (dashed green curve in Figure 5.2b) because the normattees estimated there are

inaccurate.
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Figure 5.3: Seismic sections (a) intersect sequence bounégarextracted using one control
point (blue curve) and 19 control points (green curve). (b) ad (c) show a 3D view of the
extracted surfaces using one control point and 19 control mbs, respectively. Both of the
two surfaces are colored by amplitude.

Using 19 control points (green points in Figure 5.3c), we obtaia surface that better
ts the manually interpreted sequence boundary. Figure 5.3ahows crossline and inline
seismic sections that intersect the sequence boundariesragted using (1) only one control
point (blue curves), and (2) 19 control points (green curvgésWe observe that the sequence
boundary extracted using 19 control points better repres&énthe manually interpreted un-
conformity surface compared to the one extracted using ongne control point. Figures 5.3b

and 5.3c show the same extracted sequence-boundary surdacelored with seismic ampli-
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tudes. Amplitude values for 19 control points (Figure 5.3c) aremore uniform than those for
one control point (Figure 5.3b).

This sequence boundary is also complicated by faults, higgtited by red ellipses in
Figure 5.3. The surface extracted using only 1 control poinb{ue curves in Figure 5.3a and
the surface in Figure 5.3b) is inaccurate near faults. Howevehe surface with 19 control
points (green curves in Figure 5.3a and the surface in Figure36) more accurately follows
the faults. This example demonstrates that constraints falitate extraction of a horizon
surface complicated by faults.

Moreover, with more control points, an initial surface conerges more quickly to the nal
extracted horizon. We can use more control points to interpate a better initial surface
f O(x;y) that is smooth but exactly passes through the control poirst An initial surface
interpolated using more control points will be closer to theeismic horizonf (x;y) we want
to extract, which therefore enables the CG method to more qekly converge to that horizon.
For example, it takes nine iterations to converge using oneomtrol point (blue curves in
Figure 5.3a), but only ve iterations to converge using 19 cdrol points (green curves in

Figure 5.3a).
5.4 Generating a horizon volume

Using the method discussed above, we can extract a single sgishorizon or sequence
boundary with one or more control points that represent intgpreted constraints. With
similar constraints, we can also extract all seismic horims from a seismic image at once,
and thereby generate a complete horizon volume. In a horizenlumet(x;y; ), as shown in
Figure 5.1c, the vertical axis is RGT and color denotes seismic travel time Horizontally
slicing a horizon volume at any single RGT value yields a seismic horizon.

Here, we rst describe a method for using seismic normal vecsoto automatically gen-
erate a horizon volume without constraints, which is usuall accurate for seismic images
with simple structures. To better handle images complicateby faults or noise, we then

extend this method, by incorporating scattered sets of intpreted points that correspond
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to multiple seismic horizons, to generate a more reliable timon volume that honors those

interpreted constraints.

Figure 5.4: The same RGT volume (a) as shown in Figure 5.1b, conts (b) of the RGT
volume are horizons in the corresponding seismic image.

5.4.1 Horizon volume without constraints

As discussed by Parks (2010), a horizon volunigx;y; ) can be generated from an RGT
volume (x;y;t) by inverse linear interpolation if we assume that in the RGT volume
increases monotonically with seismic travel tim¢. Some authors have described methods
to generate such an RGT volume using phase unwrapping (e.§tark, 2003, 2004; Wu and
Zhong, 2012b) or re ector dips (Fomel, 2010; Parks, 2010). Hewe rederive the method of
Parks (2010) in a simpler way to compute an RGT volume.

Inan RGT volume (x;y;t) like that shown in Figure 5.4a or 5.1b, contours (Figure 5.4b)
of constant represent seismic horizons, which means these contoursudtidnave the same
structures as seismic re ectors in the seismic image (Figusedb). Therefore, gradient vectors
for an RGT volume (x;y;t), that are perpendicular to RGT contours, should be paralle
to seismic normal vectorsn = [ny;ny;n]”, that are perpendicular to seismic amplitude

re ectors. If we assume that these vectors always point dowsard, we have
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2 3
Ny
y né ; (5.23)
Nt

where is a positive and spatially variant scalar number. Becauseewagain have more

o

equations than unknowns, in general we can only approximdyesolve these coupled partial
di erential equations. As we assume that all the seismic norah vectors are always point
downward, which means that the vertical componenty of the normal vectors are always
positive (n; > 0). Therefore, RGT results computed using the partial di eential equations
above usually increase vertically with travel time.

Using the third equation of equations 5.23, we compute = (@ =@%n;, wheren; > 0.

Substituting  into the rst two of equations 5.23, we obtain

2 3 23
ng  n&, 0
5 45:; (5.24)
nt%y n<, 0

In attempting to solve these equations, we would need to cdmdly choose boundary condi-
tions to avoid obtaining the trivial solution = constant.

To avoid this problem, as discussed by Parks (2010), we reteri (x;y;t) as
(xy;t) = z+ s(xy;t); (5.25)

where the functions(x;y;t) represents vertical shifts. Substituting equation 5.25to equa-

tion 5.24, we obtain

2 3 2 3

nt%ﬁ nx%f Ny
4 > 4 5 (5.26)
ngs ny&: ny

or
2 %S p%fig 2p3
4 o 4 5:;: (5.27)
& e «d
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where againp= ny=n, andq= ny=n; are estimated inline and crossline slopes of seismic
re ectors. Equation 5.27 is what Parks (2010) solved to obia shifts that atten a seismic
image.

As suggested by Lomask et al. (2006), we add a third equatiosy O to reduce vertical
variations in the shifts. We also weight the equations abovey a measurew(x;y;t) of the
guality of the estimated re ector slopesp(x;y;t) and q(x;y;t). We then compute the shifts

by solving the following equations:

3 2 3
w( 2 p@y wp

gw( e q%ﬁ% gwq% (5.28)
g o

If we have N image samples, then equation 5.28 represent 3quations forN unknown

shifts, and these equations can be expressed in matrix forrm a

WGs Wy, (5.29)

wheres is anN 1 vector containing the unknown shiftss(x;y;t), G isa 3 N sparse
matrix representing nite-di erence approximations of patial derivatives, W isa N 3N
diagonal matrix containing weightsw(x;y;t) and the constant , andv isa N 1 vector
with 2N slopesp and g, and N zeros.

From equation 5.23 to equation 5.29, we use the approximatealities because we

compute the least-squares solution by solving the normal @afion of equation 5.29
(WG )>WGs = (WG )>Wv : (5.30)
Let A =(WG )>”WG andb = (WG )”Wv so that this linear system becomes
As = b: (5.31)

The matrix A is both SPD and sparse. In practice, we do not explicitly forrthe matricesA,
W, and G. Instead, we solve this linear system using the CG method, wh requires only

the computation of matrix-vector products likeAs = (WG )>WGs andb = (WG )>Wv .
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As when extracting a single seismic horizon, we solve equati6.31 using the precondi-

tioned CG method with a preconditioner de ned by
M '=S5,SS'S; S (5.32)

where, again,Sy, Sy and S; are Iters that smooth in the x, y and t directions, respectively.
We again expect the solution to be laterally smooth except daults, as shown in Figure 5.6b.
Therefore, the lateral smoothing ItersS, and S, are spatially variant Iters (Hale, 2009),
and the extent of smoothing is proportional to a measure of extor continuity, so that these
Iters smooth less at faults. We expect the shifts to be vertially smooth because we assume
that there are no unconformities in this example. Thereforeur vertical smoothing lter S;

in this example is spatially invariant.

a) b) ©)

-3 -2 -1 0 1 2 3 0.5 0.7 09 11 1.3 15 -3 -2 -1 0 1 2 3
Amplitude Time (s) Amplitude

Figure 5.5: A seismic image (a), generated horizon volume (bgnd attened image (c)
without control points.

We derive all of the equations above for 3D images, but they mebe easily modi ed

to work for 2D images, by simply omitting the second equatioffior the y direction from
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equation 5.28. For the 2D example shown in Figure 5.1, we rsiob/ed equation 5.31 to
get shifts s(x;t). We then computed an RGT volume (x;t) = t + s(x;t) (Figure 5.1b),
where increases monotonically ( does not decrease, but increases with di erent rates)
with seismic travel timet. Finally we computed a horizon volume(x; ) (Figure 5.1c) from
the RGT volume (x;t) by inverse linear interpolation (Parks, 2010). This horian volume
t(x; ) maps the seismic image (Figure 5.1a) to a attened image (Figar5.1d).

For seismic images with simple geologic structures and lgtnoise, as in Figure 5.1a, we
can use the method discussed above to compute an accurate R@&Ilume (Figure 5.1b). A
horizon volume (Figure 5.1c) is then interpolated from the R® volume and subsequently
used to atten the input seismic image (Figure 5.1a) to produe the attened image (Fig-
ure 5.1d). However, for seismic images complicated by faylés in Figure 5.5a, the generated
horizon volume (Figure 5.5b) is inaccurate, so that seismie ectors are not attened cor-
rectly (Figure 5.5c). Therefore, we extend this method to copute more accurate RGT and
horizon volumes by incorporating one set or multiple sets afterpreted control points that
may correspond to one or multiple horizons, without de ningany RGT values for any control

points.
5.4.2 Horizon volume with constraints

For speci ed sets of control points, we solve a constraineghtimization problem similar
to that we solve when extracting a single seismic horizon:
minimize; F(s) = }s> As Db’s;
2 (5.33)
subjectto Cs = d:
As when extracting a single horizon, solving the constraingaroblem above is equivalent to
solving a corresponding unconstrained probles = b using a preconditioned CG method
with an initial solution sy to the constraint equationCsy, = d and a constrained precondi-
tioner P = ZZ>M 'zZ”, whereM ! = S,S,S;S? S; S; . Therefore, to solve this problem,

we need only an initial solutions, and the matrix ZZ~> for the preconditionerP.
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Let us use a tiny 3D seismic image with onlN =2 2 2 samples to explain how
to implement multiplication by the matrix ZZ> and to nd an initial solution sy. As in
equation 5.25, we want to compute a 3D RGT volume(x;y;t) with shifts s(x;y;t). In
this simple example, both and s have onlyN =2 2 2 samples, and we can express

equation 5.25 in vector form as
=t+s ; (5.34)

where

t =[tots to ts ta ts te t7]
S=[So S1 Sz S3 S4 S5 S6 S7] ; (5.35)
:[01234567]>;

Assume that we have 2 sets of constraints: the rst set has 3 dool points with sample
indicesf 3; 5; 79, and the second set has 2 control points with sample indiceés; 6g. Within
each set of constraints, all control points are interpretetb be on a single seismic horizon.
Therefore, we have; = 5= ;and ; = . According to equation 5.34, this means that
Ss S3=1t3 tgsands; sS3=1t; t;,andsg S;=1t; tg. We can therefore write the

constraint equationCs = d as follows:

2 3 2 3
0 00 10100 t; ts

40 0 0 1 0 0 0 Ps=4t; t,9; (5.36)
0O 10 0 0010 t; tg

where, again,s = [Sy S1 S, S3 S4 S5 Sg S7]”. Here, we want to emphasize that we do not
specify any RGT values or shifts for the interpreted contrgboints to constrain the generation
of an RGT or horizon volume. We only set the RGT values of the otrol points belong to a
same horizon to be equal to construct the constraint equatidn 5.36. This makes it easy for
an interpreter to incorporate control points for generatig a more reliable horizon volume.
In this example, matrix C has 3 linearly independent rows so that matrixZ must have
N 3 linearly independent columns, such thaCZ = 0, because the columns of matrix

Z form a basis for the null space oC. Construction of matrix Z is only slightly more
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complicated than for the single-horizon case. Speci cally
2

Z= €eujepjejerje, =

OPrOPFr oo
P OOOOoOLR
ecNeololololNolNol
ocNeoNoNoNol e lNe)

0

g ; (5.37)
10 04 5
wheree,g = es+ es+ €7, e = e+ €, and g, fori =0;1; N 1,isanN 1 unit
vector with 1 at the i  th index. In other words, we begin with the identity matrix and
simply sum the unit vectorse; with indicesi in f3;5;7g, corresponding to the rst set of
control points, to obtain the rst column of Z; similarly, we obtain the second column oZ,
corresponding to the second set of control points with indésf 1; 6g; and nally, we use all
of the remaining unit vectorse; that do not correspond to any control point for remaining
columns ofZ. In the same way, we can easily construct matrix for any number of sets of

control points.

We can normalize the columns of matriXX to obtain

2 3
0O 0 100
0 pl—i 00
0O 0 01
p% 0O 0O
Z= 0 0 00 (5.38)
p% 0O 0O
0 pl—i 00
p% 0 0008
5
with columns that form an orthonormal basis for the null spag of matrix C. Also we have
2 3
1 000O0O0O0OO
0%0000%0
0 01000O00O0
._20 000 totl
ZZ_0003013003 (5.39)
0 0 0% 0 % 0 %
O%OOOO%O
000to0io01i,,
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For any vector X = [Xo X1 X2 X3 X4 X5 Xg X7]”, it is easy to compute the product
ZZ7 X = [Xg X2 X2 Xe1 Xa Xe1 X2 Xe1] ' (5.40)

wherexq = (X3 + X5+ X7)=3 and Xe = (X1 + Xg)=2. In other words, we computeZZ” x by
simply gathering and averaging all elements of with indices corresponding to each set of
control points, and then scattering the averages back intdibse same elements. In each CG
iteration, when we apply the constrained preconditioneP = ZZ~ S,S,S;S; S, S5 ZZ” to a
vector, we need only compute averages and apply smoothingets.

We can also easily nd an initial solutionsy to the constraint equationCsq = d:
So =[0 s; 0S5 05856 S7]7; (5.41)

in which elements with indices corresponding to the rst sebf control points ares; = 0,
ss=t3 tsands; =tz t;; elements corresponding to the second set of control poirase
s; =0and sg = t; tg. Therefore, to construct an initial set of shiftssy, we use zeros for
elements that do not correspond to any control points; for €a set of control points, we rst
compute their average depth or travel time, and then chooséé point with depth nearest to
that average as the reference point and set it with zero shife.g., sz = 0 for the rst set of
control points, ands; = 0 for the second set of control points), then use the depth drences
between the reference point and other control points for theemaining initial shifts in s.
With an initial solution sy and the constrained preconditioneP = ZZ>M 7ZZ>, we
can apply the preconditioned CG method to the unconstrainedystemAs = b to obtain a
solution s that satis es the constrained problem of equation 5.33. Inaeh CG iteration, we
compute a residual ag = b As. Using the constrained preconditioneP, we compute a
constrained residualkp = ZZ>M ZZ7r that is in the null space of the constraint matrix
C. This means that all of the updates to the initial solutionsy in this preconditioned CG
method will also be in the null space o€. Therefore, because the initial solutiors, satis es
the constraint equation Csy = d, the nal solution s obtained after any number of CG

iterations will also satisfy the constraints.
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Figure 5.6: A seismic image (a) with 3 pairs of interactivelynterpreted control points (yellow
circles, pluses and squares), generated horizon volume émd attened image (c).

Figure 5.6 is a 2D example that shows how constraints help torggrate a more accurate
horizon volume and better atten a seismic image. In this exaple, we use the same input
seismic image (Figure 5.6a) complicated by faults that is gayed in Figure 5.5a, but now
we have 3 sets of constraints. For each set of constraints, \weerpret 2 control points
(yellow circles, pluses, and squares in Figure 5.6a) for eas#ismic horizon. Using 3 sets of
constraints, we compute a more accurate horizon volume (Figu5.6b), with which we can

better atten (Figure 5.6c) seismic re ectors across faults
5.4.3 3D results with constraints

Figure 5.7a shows a 3D seismic image that is also complicatedfaults. To atten this
3D image or generate a horizon volume, we choose weightx; y; t) corresponding to faults
in equation 5.28. Speci cally, we use the method developesg blale (2013b) to rst compute

an image of fault likelihoodd (x;y;t) 2 [0; 1] in which values near 1 indicate fault locations.
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a)

b)

Figure 5.7: Input seismic image (a) and a corresponding RGT hne (b) computed with
three sets of control points.
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a)

b)

Figure 5.8: The attened seismic image is sliced at = 1:664 (a) and = 1:751 (b).
Horizontal slices in a attened image correspond to seismicohizon surfaces (upper-right
panels in (a) and (b), for which color denotes depth) in an urattened image.
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Figure 5.9: The RGT volume shown in Figure 5.7b is converted to eomplete horizon
volume (a), in which horizontally slicing (h1l h6) at six dierent RGT values yields six
seismic horizons displayed in (b). The cut-away views of tee six horizons are shown in (c)

to reveal more details.
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We then usew = (1 )& as weights in equation 5.28, where the power 8 is an arbitrary
number to increase the contrast between low and high faulkklihoods.

For this example, we use three sets of constraints, corresiing to three horizons in the
3D seismic image, to compute a more accurate horizon volumadamore accurately atten
the seismic image. The rst set contains 5 control points, ta second one contains 7 control
points (green points in Figure 5.8a), and the third one contas 11 control points (green points
in Figure 5.8b). Using these three sets of constraints, we rstompute an RGT volume as
shown in Figure 5.7b, from which we then interpolate a horizowolume (Figure 5.9a) that
attens (Figure 5.8a or 5.8b) seismic re ectors across faudt The constraints help to atten
not only re ectors passing through the control points, but &o other re ectors in the 3D
seismic image as well.

Figure 5.9a displays the horizon volume computed from the RGlolume shown in Fig-
ure 5.7b. Each horizontal slice in the horizon volume is a tval-time structure map of a
horizon corresponding to a constant RGT value. Figure 5.9b elvs a 3D view of 6 seismic
horizons extracted by horizontally slicing (h1 h6 in Figure 5.9a) the horizon volume at 6
di erent RGT values. In Figure 5.9b, di erent colors denote d erent seismic horizons cor-
responding to the horizontal slices (h1h6) with di erent colors in Figure 5.9a, but deeper
horizons are obscured by the top one. We therefore, in Figuredb, display cut-away views
of each of the horizons. We observe that the horizons with dool points (the cyan and

yellow surfaces) and others without control points coincelwell with seismic re ectors.
5.5 Conclusion

We propose methods to (1) extract one seismic horizon at a terand (2) to compute at
once a complete horizon volume. We designed these two methdd compute horizons that
honor interpreted constraints, speci ed as sets of contrgoints. We incorporate the control
points with simple constraint preconditioners in the CG mdtod used to compute horizons.

The rst method is useful, even though we can extract all horons at once using the

second method, because it can more quickly extract a singlertzon. Using multiple con-
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trol points, this method can reliably extract complicated gologic surfaces such as sequence
boundaries and horizons with faults. Furthermore, this r$ method might be used to e -
ciently extract horizons that might serve as control surfaes (large sets of control points) for
the second method.

The second method generates a complete horizon volume at @ngVith a small number
of interpreted constraints, this method works well for semic images complicated by faults.

Interpreted constraints are necessary, because complgtautomatic interpretation can-
not yet handle complicated seismic horizons. The proposedethods provide an especially
simple way to specify such constraints by simply interactaly picking points in a 3D seis-
mic image that belong to the same seismic horizon. These metis can be implemented to
interactively add or move control points, while quickly upéting a single seismic horizon or
complete horizon volume.

One minor defect of both methods is that they do not automatelly produce gaps rep-
resenting heaves at faults in an extracted horizon, but a pBprocessing can be added to
detect possible fault positions from the discontinuitiesfahe extracted horizon surface, and
then create such gaps at the detected faults. These methodsght be further improved if
we could predict areas where control points are required t@gerate more reliable results so

that the interpretation of constraints could be more straigtforward and e cient.
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CHAPTER 6
CONCLUSIONS AND SUGGESTIONS

In this thesis, | have proposed enhanced methods to automedily interpret fault, un-
conformity, and horizon surfaces from 3D seismic images. @mmain results of this thesis

and suggestions for future research are summarized as folo
6.1 Fault interpretation

In Chapter 2, | propose to use a simple linked data structureotrepresent a fault surface,
to extract multiple intersecting fault surfaces without hdes at intersections, and to accurately
estimate fault slips. Using this simple data structure, faslsurfaces are represented by sets
of linked fault samples. Each fault sample corresponds to ®and only one seismic image
sample, and is displayed as a square colored by fault likedibd, and oriented by fault strike
and dip. These linked fault samples can be easily displayesl@3D fault image (with non-null
values only at positions where faults exist) because the sples are located on the grid points
of the seismic image. These linked fault samples can also bgpthyed as a fault surface by
simply increasing sizes of squares used to represent faaltples, so that the squares overlap
and appear to form a opaque and continuous surfaces. Thesalfasurfaces, however, are
not triangle or quad meshes, which are unnecessarily congglied for subsequent processing
tasks, such as fault slip estimation.

To construct such a fault surface with this data structure, 1rst compute fault samples
from fault images of fault likelihoods, fault strikes, and dult dips. | then link each fault
sample and its above, below, left, and right neighbors withmilar fault likelihoods, strikes,
and dips. For fault samples with missing neighbors, | propesa method to try to create
these neighbors, so as to construct more complete fault sacés without holes, even when
faults intersect. This is important for fault slip estimation, because holes in fault surfaces

make it di cult to determine which samples or re ectors of the seismic image should be
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used for the dynamic warping method to estimate fault slip \&ors. Moreover, holes make
it di cult for the dynamic warping method to enforce the constraints that fault throws (the
vertical components of slips) vary smoothly.

In Chapter 3, | propose two methods to use precomputed faultogitions and slips to
compute unfaulting shifts that undo the faulting in a seisng image. In these unfaulting
methods, | construct unfaulting equations for samples adjant to faults using the estimated
fault positions and slips, so that unfaulting shifts compute for these samples con rm to the
estimated fault slips. For samples away from faults, | consict simple partial di erential
equations that yield smooth unfaulting shifts for these saptes. By solving these two di erent
kinds of equations simultaneously, | obtain unfaulting sffiis for all samples in a seismic image,
and these shifts simultaneously move fault blocks and fauthemselves to undo the faulting
in the seismic image.

Some limitations remain in the fault interpretation method. One limitation is that | cur-
rently only estimate fault dip slips which are displacemesstin fault dip directions. In reality,
fault slips often consist of displacements in both dip and 8ke directions. The displacements
in strike directions, however, are more di cult to estimate because they tend to be parallel
to geologic layers and are di cult to resolve from a seismiamage. Seismic stratigraphic fea-
tures (e.g. channels) extracted from seismic horizon suets might be used to estimate the
fault displacements in strike directions. Another limitaton arises from the way | compute
unfaulting shifts for the samples away from faults using sipte partial di erential equations.
Although these simple equations can be solved e ciently andoeresponding unfaulted re-
sults appear reasonable, it might be possible and preferalitb use a more geologically and

geomechanically correct way to compute the shifts for sangd away from faults.

6.2 Unconformity interpretation

In Chapter 4, | propose a method to compute an unconformity Kelihood image that
highlights both termination areas and the corresponding pallel unconformities. This un-

conformity likelihood is de ned as an attribute that evaluaes the di erences between two
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seismic normal vector elds corresponding to two structuréensor elds constructed from a
same seismic image using di erent smoothing lters. One sicture-tensor eld is constructed

by applying a laterally structure-oriented smoothing Iter and a vertical causal Iter to each

element of the outer products of seismic image gradients. &lother one is constructed by
applying a same laterally structure-oriented smoothing ter but a vertical anticausal lter.

Near the termination area of an unconformity, the re ector stuctures above and below
the unconformity must be di erent. Therefore, the verticalcausal Iter, which computes lo-
cally averaged structures from above of the unconformity,ields a structure-tensor eld that
is di erent from the one constructed with the vertical anticausal Iter, which computes lo-
cally averaged structures from below. The lateral struct@-oriented smoothing Ilter extends
the structure di erences, which originate within the termnation areas, to the corresponding
parallel unconformities and correlative conformities. Irdoing this, the correlative confor-
mity and parallel unconformity are assumed to be continuoutroughout the seismic image.
Therefore, if faults are apparent in a seismic image, we watd rst undo the faulting in
the seismic image so that seismic re ectors are continuousrass faults, and then attempt
to extract unconformities from the unfaulted image.

Using these lateral and vertical smoothing Iters, the two costructed structure-tensors
elds and the two corresponding vector elds should be di eent at both termination area
and the corresponding parallel unconformity and correlate conformity. Therefore, the un-
conformity likelihoods, de ned as the di erences betweenhe two vector elds, should be
relatively high at both the angular unconformities and the orresponding parallel unconfor-
mities and correlative conformites. Unconformity surfacegomplete with termination areas
and corresponding parallel unconformities or correlativeonformities, can be extracted on
the ridges of the unconformity likelihoods.

As an application, the extracted unconformity surfaces aresed as constraints to esti-
mate seismic normal vectors at unconformities with multig-oriented seismic re ectors. A

conventional structure-tensor method can correctly estiate the normal vectors (or slopes)
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of the re ectors in conformable areas of a seismic image, bfar an angular unconformity
where multiple-oriented structures meet, this method yiels smoothed vectors that represent
averages of orientations across the unconformity. Using tlextracted unconformity surfaces
as constraints for the structure-tensor method, | obtain dicontinuous seismic normal vec-
tors at unconformities, which enable use to compute a attezd image with vertical gaps at
unconformities.

In computing unconformity likelihoods, | use vertically casal and anticausal lters to
obtain structure tensors that di er at unconformities becaise | assume unconformities are
more horizontal than vertical. This assumption is often tre but is not necessary. Therefore,
for future work, unconformity likelihoods might be furtherimproved by instead using causal

and anticausal Iters that smooth in directions orthogonalto unconformities.
6.3 Image attening and horizon extraction

In Chapter 5, | propose two methods for computing seismic hiaons from 3D seismic
images. The rst method extracts horizons one at a time, whal the second one computes an
entire volume of horizons at once by attening the seismic iage using a relative geologic
time computed from seismic normal vectors. Both the methodsnable an interpretor to
interpret control points, scattered in the seismic image,at guide extracting single horizons
and computing an entire volume of horizons. In both the methas, the interpreted control
points are served as hard constraints, which are incorposat into the methods with simple
constraint preconditioners in the conjugate gradient methd used to compute single horizons
and horizon volumes.

The automatic fault and unconformity interpretations disaissed in Chapters 2, 3, and 4
facilitate automatic seismic image attening, by correlaing seismic re ectors across faults,
providing accurately estimated seismic normal vectors atngonformities, and providing
unconformities as constraints for attening methods. Howear, manually interpreted con-
straints are still desirable for complicated areas in a seic image where automatic methods

might fail. The proposed methods provide an especially sidgoway for interpretors to im-
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pose such constraints by interactively adding or moving ctmol points in a seismic image,
while e ciently updating a single seismic horizon or a comgte horizon volume.

In the horizon volume method, | compute only vertical shiftdo atten a seismic image
and then compute a volume of horizons. These vertical shifthowever, cannot atten
seismic images with nonvertical faults. Therefore, we mightant to compute vector shifts,
as discussed in Chapter 3, for unfaulting and attening a sgmic image, but might still use
the same way to incorporate human interactions.

After attening or generating an entire volume of horizons, ne straightforward applica-
tion in the future is to use the horizon volume to guide interplation of borehole data and
obtain 3D images of subsurface properties, so that the prapevalues conform to geologic
structures followed by horizons. Moreover, horizontal sles of a attened image reveal strati-
graphic features, such as channels, in 3D seismic images.efidfore, we might want to use
those features to guide a sequence of 2D interpolations fasrizontal slices in the attened
space, and then map the interpolated result back to the origal space to obtain a structure-

and stratigraphic feature-guided interpolation.
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